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Tree trunks do not bias estimates of surface 
fuels by aerial lidar in southern Sweden
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Abstract 

Background  Surface and ladder fuels play a significant role in controlling fire behavior, and their estimation is criti-
cal for fire modeling and management. Although airborne laser scanning (ALS) provides cost-effective, spatially 
explicit data on forest 3D structure, its utility for surface fuel estimation remains uncertain due to canopy occlusion 
and the presence of tree trunk points. We assessed the impact of tree trunk point filtering (TPF) on model perfor-
mance for estimating surface fuel loads in strata within a vertical gradient of 0.0–2.0 m, which includes litter, her-
baceous, and shrub layers. We used high-density ALS data (~ 2500 points m−2) from boreo-nemoral mixed forests 
in southern Sweden. We compared the performance of 438 LiDAR (lidar) metrics in characterizing surface fuels using 
parametric (linear and non-linear) and nonparametric (random forest — RF) regressions.

Results  There was no significant impact of TPF when comparing lidar-derived metric distributions and model perfor-
mance under filter types, although a minor improvement was observed in the 0.5–2.0-m stratum. The performance 
of surface fuel strata modeling was the highest for the litter layer depth (R2 = 0.39) and moderate for the herbaceous 
layer and branch biomass (R2 = 0.26–0.28). The linear regression model consistently outperformed the RF model 
and showed slightly better performance than the nonlinear regression. We obtained a negligible positive impact 
of TPF (ΔR2 = 0.02) on predicting the litter layer depth utilizing the parametric regression approaches. Intensity-based 
metrics calculated using a minimum 5-m buffer radius were instrumental in modeling fuel layers within the 0.0–0.5-m 
stratum.

Conclusions  Removing tree trunk points did not affect the representation of surface fuels in airborne lidar data. 
We suggest, however, that the correct classification of ground and no-ground points and detection of objects such 
as boulders and deadwood can have a major effect on the adequate prediction of surface fuels.
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Resumen 

Antecedentes  Los combustibles superficiales y las escaleras de combustible juegan un rol significativo en el control 
del comportamiento del fuego, y su estimación es crítica para el modelado y el manejo del fuego. Aunque la téc-
nica de escaneo láser aerotransportado (airborne laser scanning, ALS de ahora en más), provee datos espacialmente 
explícitos y rentables para caracterizar la estructura forestal en 3D, su utilidad para la estimación de combustibles 
superficiales sigue siendo incierta debido a la oclusión que presentan los doseles y la presencia de los troncos de los 
árboles. Determinamos el impacto del filtrado de puntos que representan troncos de árboles (Trunk Point Filtering, 
TPF) sobre la performance del modelo para estimar la carga de combustible superficial en estratos con un gradiente 
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vertical de 0,0 a 2,0 m, incluyendo los estratos de broza, hierbas y arbustos. Usamos datos de ALS de alta densidad 
(~ 2.500 puntos por m2) de bosques mixtos boreales del sur de Suecia. Comparamos la performance de las métricas 
del LIDAR 438 para caracterizar los combustibles superficiales usando regresiones paramétricas lineares y no lineares, 
y no paramétricas (Bosques al Azar, o RF).

Resultados  No encontramos un impacto significativo de TPF cuando comparamos las distribuciones de métricas 
derivadas de LIDAR y la performance del modelo bajo tipos de filtros, aunque un pequeño mejoramiento fue obser-
vado en el estrato entre 0,5 y 2,0 m. La performance del modelo que consideraba los combustibles superficiales fue 
mayor para el estrato que marcaba la profundidad de la broza (R2 = 0,39), y moderado para el estrato herbáceo y el 
de las ramas (R2 = 0,26–0,28). El modelo de regresión linear consistentemente superó al modelo de RF y mostró una 
mayor performance que el de regresión no linear. Obtuvimos un impacto positivo insignificante en TPF (ΔR2 = 0,02) en 
predecir la profundidad del estrato de la broza utilizando las aproximaciones de regresión paramétricas. Las métricas 
basadas en intensidad calculadas usando un radio de buffer mínimo de 5 m fue instrumental para el modelado de 
estratos de combustibles dentro de los 0,0 y 0,5 m de esos estratos.

Conclusiones  La remoción de los puntos de los troncos no afectó la representación de los combustibles superfi-
ciales en los datos obtenidos mediante la técnica del escaneo laser aerotransportado (ALS). Sugerimos, por supuesto, 
que una correcta clasificación de puntos en el suelo y a detección de objetos como rocas y troncos muertos puede 
tener un efecto mayor en la adecuada predicción de los combustibles superficiales.

Background
Wildfires are a natural disturbance agent whose impact 
in the boreal region has been increasing over the last 
decades (Ellis et al. 2022; Iglesias et al. 2022; Jones et al. 
2022). Uncontrolled wildfires lead to economic losses, 
profound impacts on ecosystem functioning and bio-
geochemical cycles, and can cause the transition of for-
ests into non-forested ecosystems (Stephens et  al. 2014; 
Seidl and Turner 2022; Seidl et al. 2024). The implemen-
tation of fire management systems helps mitigate these 
risks through fuel load manipulation and fire behavior 
modeling (Keane 2013). Fire behavior models require 
several key input parameters, including fuel character-
istics, weather conditions, and topography (Cardil et  al. 
2021). At the landscape level, fuels are typically charac-
terized as static categorical types within the correspond-
ing landscape, while effective decision-making relies on 
situational awareness supplemented by high spatiotem-
poral resolution data (Myroniuk et al. 2023). Because for-
est fuels are one of the fundamental components within 
forest structure that control fire risk and fire behavior 
(Prichard et  al. 2020; Wepryk et  al. 2025), their accu-
rate assessment is crucial for effective wildfire manage-
ment  (Barros et  al. 2018; Lesmeister et  al. 2019; North 
et al. 2022).

Historically, the most common technique for estimat-
ing fuel load was destructive measurement methods 
(Catchpole and Wheeler 1992). However, such in  situ 
surveys of surface fuel load are labor-intensive, spatially 
limited, and impractical for frequent monitoring across 
large areas (Brown 1974; Lutes et  al. 2006; Keane 2015; 
Lin et  al. 2024). Traditional in  situ surveys are based 
on plot- or transect-level measurements that provide 

spatially averaged estimates of surface fuel load values 
(Brown 1974; Lutes et al. 2006; Keane 2015) while failing 
to capture their fine-scale variability within forest stands 
(Sánchez-López et al. 2025). Despite their precision, tra-
ditional plot- and voxel-based (Hawley et al. 2018) assess-
ments are too labor-intensive to provide efficient fuel 
data for large-scale fire behavior modeling (Keane 2013). 
Even within a single plot, components such as herba-
ceous biomass, litter depth, or shrub biomass can exhibit 
substantial heterogeneity driven by micro-topography, 
light availability, and canopy structure (Pelt and Frank-
lin 2000). As a result, conventional fuel inventories often 
smooth this variability into generalized fuel descriptors 
that may not adequately represent local fuel conditions. 
Transitioning from traditional fuel assessments toward 
regularly updated fuel load maps using remote-sensing 
data (Gale et al. 2021; Sánchez-López et al. 2023; Bright 
et al. 2022) can improve our ability to model and manage 
fires.

Recent technological developments in the field of 
remote sensing have led to the characterization of three-
dimensional (3D) forest structure using LiDAR (Light 
Identification, Detection and Ranging, further — lidar) 
(Cimdins et al. 2025; Wulder et al. 2022). To date, aerial 
laser scanning (ALS) has become one of the most widely 
used technologies for forest structure assessment, pro-
viding information at sub-meter resolution (Ross et  al. 
2024). The main advantage of ALS lies in its ability to 
penetrate through forest canopy, enabling a detailed 
structural characterization of forest stands and their 
fuel components across vertical strata. Numerous stud-
ies have demonstrated the effectiveness of ALS in quan-
tifying fuels in the main canopy (Andersen et  al. 2005; 
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Maltamo et  al. 2020; Tenny et  al. 2025), ladder fuels 
(Forbes et al. 2022), and surface fuel (Jarron et al. 2020; 
Stefanidou et  al. 2020; Bright et  al. 2022; Loudermilk 
et al. 2023; Labenski et al. 2023; Arkin et al. 2025).

Previous studies have demonstrated that ALS is par-
ticularly effective in capturing the vertical distribution 
of fuels (Viedma et al. 2024) and in predicting key forest 
canopy parameters such as canopy height, canopy base 
height, and canopy bulk density (Skowronski et al. 2011; 
Maltamo et al. 2020; Cameron et al. 2022), as well as esti-
mating forest canopy consumption during fire events 
(McCarley et al. 2017). These metrics are critical inputs 
for fire behavior models, as they govern processes such 
as sustained crown fire spread. Importantly, canopy base 
height defines a crucial threshold for crown fire initiation 
(Hall and Burke 2006; Scott and Burgan 2005).

Meanwhile, surface fuels remain more challenging to 
be quantified by ALS, particularly under closed tree can-
opies (Gale et al. 2021; McCarley et al. 2024). This tech-
nical gap is crucial, as the ignition and propagation of 
the majority of wildland fires are driven by surface fuels, 
which consist of a diverse array of physically distinct fuel 
types within forested environments (Keane 2013; 2015). 
When the ability of ALS-derived metrics to accurately 
represent surface fuel variability remains uncertain, these 
surveys provide large-scale and cost-effective inventories 
of forest attributes without high point density (Gale et al. 
2021; Labenski et  al. 2023). While ALS-based models 
of surface fuel load may yield lower explanatory ability 
compared to terrestrial lidar scans or traditional surveys 
(Jakubowksi et  al. 2013; Arkin et  al. 2025), ALS enables 
spatially continuous fuel characterization over large 
areas, thereby shifting the focus from maximizing sample 
plot-level accuracy to capturing fuel variability across the 
landscape (Gale et al. 2021; Jakubowksi et al. 2013).

Terrestrial laser scanning (TLS), a ground-based form 
of lidar technology that acquires measurements from 
beneath the forest canopy, is another lidar-based method 
that can serve as an alternative to in situ forest measure-
ments (Laino et al. 2024), even over-performing accuracy 
of conventional surface fuel surveys (Li et al. 2021). TLS 
describe fine-scale 3D forest structure utilizing high-
density point clouds (Åkerblom and Kaitaniemi 2021). 
However, this approach forfeits spatial coverage that 
can be achieved (Calders et al. 2020; Xi et al. 2023). This 
technology provides a more detailed estimation of forest 
understory layers, which is limited to aerial systems due 
to occlusion by tree canopies (Rowell et  al. 2020; Arkin 
et  al. 2025). TLS data in forest understory can be col-
lected using static scanning (Wallace et al. 2016) and var-
ious mobile systems (Loudermilk et al. 2012; Ryding et al. 
2015; Bauwens et al. 2016; Hyyppä et al. 2020; Balenović 
et al. 2021; Adhikari et al. 2023).

The filtration of a particular vegetation layer is a fre-
quently employed approach to enhance the extraction 
of target structural information in lidar data processing 
(Arrizza et al. 2024). The assessment of leaf area index is 
one example where filtering out woody components is 
important (Woodgate et al. 2016; Zhu et al. 2020; Flynn 
et al. 2023). Removing canopy returns or their stratifica-
tion is required for characterization of understory veg-
etation (Hamraz et  al. 2017; Jarron et  al. 2020; Du and 
Pang 2024) or vice versa — overstory layer estimation 
(Bouvier et al. 2017; Penner et al. 2024; Chen et al. 2025). 
Filtering may be required not only for the separation of 
canopy and understory layers but also for accurate tree 
trunk detection and diameter estimation, or assessment 
of deadwood on the ground layer (Heinaro et  al. 2021) 
requires the filtering of foliage and noise (An and Fro-
ese 2023). Additional filtration techniques that may be 
employed for the evaluation of forest parameters include 
leaf-off laser scanning approaches (White et  al., 2015; 
Maltamo et al. 2025) and leaf-wood separation (Arrizza 
et al. 2024; Chen et al. 2025).

In this study, we evaluated the impact of trunk point 
filtering (TPF) on the performance of surface fuel pre-
dictive models in mixed boreo-nemoral forests of south-
ern Sweden. Although filtering is a commonly used 
approach in lidar data processing, the impact of apply-
ing these approaches on surface fuel load assessment has 
not been investigated. For instance, in areas dominated 
by shrubs or trees, points originating from standing tree 
trunks have the potential to contaminate the estimated 
strata points. This can significantly reduce the accuracy 
of models aimed at estimating ground or near-surface 
fuel. Such contamination results in points represent-
ing under canopy layers being a mixture of points from 
tree trunks, shrub layers, or herbaceous vegetation. Ear-
lier research primarily addressed the detection of tree 
trunks in forests, which is now a relatively trivial task 
for forest measurement purposes (De Conto et al. 2017; 
Laino et  al. 2024). Yet, there is a paucity of studies that 
have evaluated the impact of TPF that do not describe 
surface or ladder fuels, in part because ALS point den-
sities often remain insufficient for accurate trunk detec-
tion. However, while such tasks are well suited for TLS 
data, in our study, we employed very high-density ALS 
acquired from low flight altitudes. The obtained point 
cloud density was ~ 2500 points m−2, which was sub-
stantially higher than the ALS point densities (varying 
from 10 to 500 points m−2) typically used for surface fuel 
assessment (McCarley et al. 2024; Stefanidou et al. 2020; 
Bright et al. 2022; Labenski et al. 2023; Arkin et al. 2025). 
We expected that such a high point density would reduce 
uncertainties in the representation of surface fuel struc-
ture, which is often poorly described in conventional ALS 
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datasets (e.g., herbaceous plants, litter). The second aim 
of utilizing such high point density ALS data was to accu-
rately and automatically delineate points of tree trunks. 
We combined these data with small in situ sample plots 
of 1-m radius, where surface fuel load data in vertical 
strata up to 2.0 m was collected (litter, herbaceous, and 
shrublands layers). The aim of our study was therefore 
twofold: (i) To examine the potential of high-density ALS 
to predict surface fuel load in boreo-nemoral forests and 
(ii) to evaluate the effect of TPF on the predictive perfor-
mance of these models.

Materials and methods
Site description
The study was conducted in three forests located in 
Kalmar province, southern Sweden. All sites, Högahyl-
tan, Mjösjögöl, and Sandvik, were within the Allgunnen 
Nature Reserve (Fig.  1). The reserve lies in the boreo-
nemoral vegetation zone (Sjörs 1963). The regional mean 
annual temperature is 8.5  °C, and the mean annual pre-
cipitation is 486 mm (SMHI 2025).

Sandvik is an uneven-aged stand dominated by 
150-year-old Scots pine (Pinus sylvestris L.), which forms 
the upper canopy. The sub-canopy consists of peduncu-
late oak (Quercus robur L.) and aspen (Populus tremula 
L.), with small, irregular clusters of Norway spruce (Picea 
abies (L.) H. Karst.). The forest ground layer is composed 
primarily of mosses (Hylocomium splendens Schimp. and 
Pleurozium schreberi Mitt.), bilberry (Vaccinium myr-
tillus L.), lingonberry (Vaccinium vitis-idaea L.), and 
varying proportions of oak litter, with occasional spruce 
branches, star reindeer lichen (Cladonia stellaris Opiz), 
and heather (Calluna vulgaris L.). A prescribed burn was 
carried out in 2023 with the objectives of reducing 5–15% 
of the pine population and at least 80% of the spruce to 
increase canopy openness and ground-level light avail-
ability (Länsstyrelsen i Kalmar län Bränningsplan Allgun-
nen Sandvik, 2023, Kalmar, Sweden, internal unpublished 
report).

Högahyltan is a 30-year-old mixed stand of Scots pine, 
pedunculate oak, and silver birch (Betula pendula Roth). 
The ground vegetation is dominated by mosses, bilberry, 

Fig. 1  Sample plots representation. a Location of Allgunnen Natural Reserve in Sweden. b Locations of study sites in Allgunnen Natural Reserve. c 
Sample plots in Sandvik site. d Plots in Mjösjögöl site. e Plots in Högahyltan site. f Example of burned boreo-nemoral landscape in Sandvik site, aerial 
view from drone. g Example of sample plot with Emlid Reach RX network rover at plot center



Page 5 of 19Zadorozhniuk et al. Fire Ecology           (2026) 22:28 	

lingonberry, and oak litter. In 2024, a prescribed burn 
was implemented with the goal of opening the canopy, 
promoting deadwood formation, and suppressing spruce 
regeneration (Länsstyrelsen i Kalmar län: Bränningsplan 
Allgunnen Högahyltan, 2024, Kalmar, Sweden, internal 
unpublished report).

Mjösjögöl is characterized by a mature overstory 
of Scots pine (150  years old), with a secondary layer of 
pedunculate oak and aspen aged 50–60 years. Scattered 
clusters of Norway spruce occur throughout the stand. 
The forest ground layer consists primarily of mosses 
and berry species, with occasional star reindeer lichen 
(Länsstyrelsen i Kalmar län: Bränningsplan Allgunnen 
Mjösjögöl 2025, Kalmar, Sweden, internal unpublished 
report).

Field data acquisition and description
We established 150 circular sample plots (1-m radius) 
within our study forests, with 50 plots in each site. We 
georeferenced plot centers using Emlid Reach RX net-
work rover with Real-Time Kinematics (RTK) module 
(horizontal accuracy ~ 2  cm). We sampled plots along 
predefined tracks with a minimum distance between 
sample plots of ~ 3  m. The location of sample plots was 
chosen subjectively, aiming to represent the heterogene-
ity of the study areas instead of following a purely random 
design. This approach was applied consistently across 
all sites. Because two of the three sites had experienced 
prescribed burning, fuel conditions were highly hetero-
geneous, and random sampling could have resulted in an 
overrepresentation of plots lacking any understory veg-
etation. The chosen approach allowed us to evenly cap-
ture the observed variability in surface fuel structure and 
composition.

We developed a specific fuel assessment protocol, 
which included characterization of fuel strata along verti-
cal gradient in the forest. First, we measured litter depth, 
visually estimated the horizontal cover of the herbaceous 
layer as a percentage, and measured the average height of 
that layer (≤ 0.5 m). Herbaceous layer height was meas-
ured at five randomly selected points within each plot, 
and the mean value was used in the analyses. Second, we 
counted all tree and shrub branches within the plot and 

vertical stratum of 0.5–2.0-m height if their diameter (in 
the middle of length) was above 0.1  cm. We measured 
the vitality (dead or alive) and diameters on 0.5 height of 
shrubs within sample plot. We also recorded the average 
length of these branches. We recorded the lying dead-
wood within the plot (if the diameter was above 5  cm) 
and the ratio of branches in the 2.0–5.0-m vertical strata, 
but this information was not used for fitting models in 
this study. Finally, we measured diameter at breast height 
of all standing trees within the plot and captured the 
vitality. Consequently, the density of herb stratum and 
the volume of shrubs and brunches were converted into 
biomass using biomass expansion factors (Jalkanen et al. 
2005; Lutes et al. 2006).

Out of a total of 150 sample plots, 71 exhibited the 
presence of at least one tree. The diameter of these tree 
trunks, measured at breast height, ranged from 5 to 
36 cm with an average of 13 cm (Table 1).

ALS data acquisition
Lidar data was collected by using a DJI Matrice 350 drone 
equipped with an RTK module. The receiving sensor 
detected up to five returns with each laser beam emitted. 
We flew at low altitudes (35 m above ground) with hor-
izontal and vertical overlaps of 80%. This allowed us to 
collect lidar data with point densities ranging from 2354 
to 2913 points m−2 and pulse densities from 1444 to 1858 
pulses m−2. All data were stored in LAS format (version 
1.2, point format 3) and referenced to the SWEREF99 
TM coordinate system.

ALS data preparation
Statistical analysis was conducted in R (R Core Team 
2025). Even though the sample plots had an in situ radius 
of 1.0  m, ROI (region of interest) were clipped with a 
10-m radius buffer using the LidR package (Roussel et al. 
2020). This increased radius was necessary to perform 
the optimization of parameters for tree trunk point clas-
sification (Fig.  2). Prior to ROI extraction, the full ALS 
point cloud covering the study forests was preprocessed. 
Ground points had been classified during the genera-
tion of the initial LAS files in DJI Terra (DJI, Shenzhen, 

Table 1  Descriptive statistics of field data

Variable No. of 
observation

Measurement 
unit

Mean Standard 
deviation

Min Max Median The 
interquartile 
range

Herbaceous layer 150 t·ha−2 111.21 144.01 2.55 755.16 40.25 147.77

Litter depth 100 cm 6.31 4.56 0.10 20.50 5.45 6.14

Branches 150 t·ha−2 5.75 12.56 0.00 75.00 0.00 5.82

Branches and dead shrubs 150 t·ha−2 6.11 12.65 0.00 75.00 0.10 7.01
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China), after which we utilized lidR package for point 
cloud processing, where we created a digital terrain 
model (DTM) with a spatial resolution of 0.2 m, and nor-
malized point clouds.

We performed tree trunk filtering by processing each 
ROI using the TreeLS package in R (De Conto et  al. 
2017). In this study, we compared three data treatments: 
“no-filtered” point clouds, a standard “semi-filtered” 
approach, and an enhanced “upsize-filtered” approach. 
The “semi-filtered” approach required the filtration of 
points classified as tree trunks, which was conducted 
using the TreeLS package. At this step, we calculated 
eigen decomposition metrics using knn (k = 20) method. 
As the semi-filtered approach did not fully capture tree 
trunk points, the “upsize-filtered” method was imple-
mented to ensure consistent removal of trunk-related 
returns (Fig. 3). We extracted all points within a 0.25-m 
voxel (0.3 m in height) centered around each previously 
classified tree trunk point. The vertical extent of the 
upsize filter was limited from the maximum height of 
the initial fuel stratum down to the canopy base height 
(CBH), which allowed us to isolate trunk-related returns 
within the relevant vegetation layer.

Extraction of lidar‑derived metrics
For the modeling of each surface fuel component, we cal-
culated a total of 400 + lidar-derived metrics, which were 
obtained across six groups: based on height distributions, 
point density, geometry, intensity (in near-infrared part 

of electromagnetic spectrum), voxel based, and the esti-
mation of leaf area density (LAD). We utilized the LidR 
package as the environment (Roussel et  al. 2020) for 
lidar-derived metrics calculation within sample plots, 
additionally applying rLiDAR and leafR during LAD 
calculation. The estimated variables were grouped by 
type and fuel load strata (Labenski et  al. 2023). All cal-
culated variables were used to predict the following fuel 
strata: 0.0–0.5  m (corresponding herbaceous and litter 
layers) and 0.5–2.0  m (corresponding shrub layer). We 
calculated lidar-derived metrics primarily within the cor-
responding vertical strata. However, we experimentally 
adjusted the vertical boundaries of the strata—either 
narrowed or expanded (Table  2)—to explore their rela-
tionships with surface fuel properties. To account for the 
potential influence of overlying vegetation on lidar signal 
intensity and to capture their relation with independent 
variables, we computed intensity-based metrics using 
a conventional sample plot size, as well as vertically and 
horizontally extended buffers (up to 5 m).

Statistical analyses
Prior to development of models, we selected independ-
ent variables using a sequential procedure. First, we 
evaluated the correlation between response variables 
and all candidate variables within the corresponding fuel 
strata using Pearson correlation analysis. At this stage, 
we excluded independent variables that had no statisti-
cally significant correlation (p ≥ 0.1). Second, from the 

Fig. 2  Example of visual representation of a clipped point cloud in ROI (10-m radius) for a sample plot. a RGB-colored ALS point cloud 
with classified tree trunk points (red colored). b Cross sections of the ROI clipped at 0.5-m height and 1-m width, which represent tree trunks 
and understory vegetation
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Fig. 3  The vertical profiles of the point cloud within sample plots (1-m radius). a Lack of extraction, b extraction, and c, d partial extraction
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subset of statistically significant variables, we selected the 
highest correlated variables within each predefined ALS-
derived metric group (Table 2). This step aimed to retain 
representative metrics while limiting redundancy and 
resulted in approximately 10–15 candidate predictors 

per fuel type. Finally, we conducted pairwise Pearson 
correlation in order to remove multicollinearity among 
the selected independent variables. When strong cor-
relations between independent variables were detected 
(r > 0.8), only one variable from each correlated pair was 

Table 2  Description of lidar-derived variables

a The first number after the symbol is the lower height, and the second is the upper height of vertical stratum

Metrics group Acronyma Description Vertical strata limits No. of variables

Height zmax, zmean, zsd_st, 
zskew, zkurt,
zentropy, pzabovezmean, 
pzabove2, zq_(5, 10, … 
95),
Q (99, 95, … 10), N_points
Zpcum (1, 2, … 9)

Maximum, mean, standard devia-
tion, skewness, and kurtosis of points 
within stratum and stand
Entropy, proportion of points 
above the mean height, proportion 
of points above the 2-m height, height 
quantiles (5–95% range with 5% step) 
within stand
Height quantiles (10, 25, 50, 75, 90, 95, 
99) and the number of points calculated 
within stratum
Cumulative height distribution met-
rics, i.e., showing what percentage 
of points were below a certain threshold 
of the maximum height (90, 80, … 10%) 
calculated within stratum and stand

0.0–0.5, 0.0–2.0, 0.0–max 80

Density P_below,
P_column

The proportion of the number of points 
within strata to the points within strata 
and below strata together
The proportion of the number of points 
within strata to the total number of points 
in the stand’s vertical column

0.1–0.5, 0.25–0.5,
1.0–2.0, 0.5–2.0

8

V1 Proportion of first return points relative 
to all points in vertical column

0.0–max 1

Geometry EL, EM, ES
curv, lin, plan, shp, ani, hor

Eigen_largest, eigen_medium, eigen_
smallest, curvature, linearity, planarity, 
sphericity, anisotropy, horizontality 
were calculated separately included 
and excluded ground points (ngr)

0.0–0.5, 0.1–0.5, 0.0–0.3, 0.05–0.3, 0.25–0.5, 
1.0–2.0, 0.5–2.0, 2.0–5.0

144

Intensity _I_ Distribution of intensity variable (mean, 
variation, standard deviation, coeffi-
cient of variation, skewness), estimated 
separately within sample plot and with 2- 
or 5-m buffers (statistics were calculated 
separately for the first returns only and for 
all returns)

0.01–0.5, 0.5–2, 1.0–2.0, 2.0–5.0, 0.0–5.0 150

Voxel _V_ Statistics are calculated for each stratum 
separately with 10-cm voxel resolution:
• The number of non-empty voxels 
per stratum
• The mean number of points per voxel
• The standard deviation per voxel
• The coefficient of variation per voxel
• The proportion of voxels with data 
to the total number of voxels (voxel ratio)

−0.1–0.5, 0.1–0.5, 0.25–0.5, 0.0–0.5, 0.1–0.4, 
0.0–0.4, − 0.1–0.4, 0.0–0.3, 1.0–2.0, 0.5–2.0

50

LAD GS Gini-Simpson (GS) index of foliage struc-
tural diversity (Valbuena et al. 2012)

0.0–5.0 1

gini The value of the inequality measure 
of Gini

0.0–max 1

LAD Mean value of LAD within stratum calcu-
lated using rLiDAR package

0.0–5.0, 0.5–2.0 2

lai Lai values within stratum calculated using 
leafR package (Almeida et al. 2019)

0.5–2.0 1
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retained. The resulting set of predictors was applied con-
sistently across all model types.

We performed Student’s t-test (Student 1908) to ana-
lyze the differences in lidar-derived metric distributions 
among the various tree trunk filtering approaches. Prior 
to testing, the normality of the data distribution was 
assessed using the Shapiro–Wilk test (Shapiro and Wilk 
1965).

We applied three regression approaches to model sur-
face fuels: Random forest (RF), linear regression (LR), 
and nonlinear regression (NLS) using the nonlinear 
least squares method. To address the fact that the data 
distribution was right-skewed, we used a square root 
transformation of the dependent variable distributions 
representing herbaceous and litter layers. We employed 
this transformation of dependent variables across all 
modeling approaches, while independent variables were 
transformed during utilization only with the NLS regres-
sion approach. Leave-one-out cross-validation (LOOCV) 
was used to validate the model performance (Stone 
1974), as we did not have systematic, unbiased sampling 
design.

We evaluated model performance using the root-mean-
squared error (RMSE), relative RMSE (RMSE%), bias, and 
relative bias (bias%):

where ŷ is the predicted value, yi is the observed value, 
and y is the mean of the observed values. The same set of 
independent variables was used in all regressions.

Results
Variable selection
Some groups of metrics were completely excluded from 
modeling specific fuel stratum (Table  2, Fig.  4). For 
modeling the 0.5–2.0-m fuel layer, three groups of met-
rics were selected for the modeling: height-, geometry-, 

(1)R2
= 1−

n
i=1

(yi − ŷi)
2

n
i=1

(yi − y)2

(2)RMSE =

√

∑n
i=1

(ŷi − yi)
2

n

(3)RMSE% =
RMSE

y
× 100

(4)bias =

∑n
i=1

(ŷi − yi)

n

(5)bias% =
100× Bias

y

and voxel-based metrics. Density-based metrics were 
retained in the models only for the 0.0–0.5-m stratum. 
Voxel-based metrics showed weak relationships within 
the 0.0–0.5-m stratum while being important predic-
tors for the 0.5–2.0-m stratum. Height-based metrics 
consistently contributed across all layers, with cumula-
tive metrics being especially relevant. Geometry metrics 
also played a significant role across all dependent strata. 
In contrast, LAD metrics were not included in the final 
models because they exhibited multicollinearity with 
other selected predictors and, generally, showed weaker 
relationships with fuel load than voxel-based metrics, 
especially within the 0.5–2.0-m stratum.

Intensity metrics (calculated at 5-m buffer) were rele-
vant exclusively for the 0.0–0.5-m stratum. Using buffers 
with 1- or 2-m radii decreased the correlation between 
intensity metrics and the response variables. However, 
the choice between using first returns and all returns did 
not impact this relationship.

Impact of filtering tree trunk points out
TPF significantly influenced lidar-derived metrics for the 
strata beyond 0.5 m. There were no significant differences 
(p < 0.05) in the distributions of lidar point counts within 
the corresponding strata (Fig.  5). In 0.0–0.5-m stratum, 
we observed a minor change in point density. That is, the 
high density of herbaceous points representing this veg-
etation reduced the relative contribution of tree trunk 
points. In the 0.5–2.0-m stratum, the lidar data fre-
quently contained tree trunk points, making the impact 
of filtering much more evident but still no significant 
(p = 0.41, Fig. 5). Consequently, the impact of filtering on 
lidar-derived variable distributions was less pronounced 
for metrics derived from the 0.0–0.5-m stratum (cor-
responding herbaceous and litter layers). TPF had less 
impact on variables’ distribution in intensity- and geom-
etry-based groups (Table 2, Fig. 6). The most substantial 
changes were observed in the cumulative height metrics, 
as well as in the voxel occupation ratio within the 0.5–
2.0-m layer (Fig.  6). Filtering affected the voxel occupa-
tion ratio at their value ranges up to 0.1 (Fig. S1), but 
this effect disappeared once the ratio exceeded 0.1 (bulk 
density > 10%).

Although the results of paired t-test analysis of vari-
ance indicate a predominantly statistically significant 
effect of filtering on the differences between no-filtered 
and semi-filtered variables (Fig. S1, Fig. S2), no statisti-
cally significant difference was observed between the no-
filtered and upsize-filtered data.

Model performance
For all fuel components, R2 did not exceed the value 
of 0.4 in leave-one-out cross-validation (Fig.  7). LR 
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demonstrated the best explanatory ability for litter layer 
depth (R2 = 0.39). The models explained up to 27% of the 
variation in the herbaceous layer, up to 28% of the branch 
biomass in the shrub layer, and up to 28% of the com-
bined biomass of branches and dead shrub stems.

Parametric regressions (LR and NLS) had superior 
explanatory capabilities compared to the nonparamet-
ric RF model (Fig.  7). However, RF demonstrated com-
parable performance (ΔR2 = ≤ 0.02) for litter layer depth 
when using non-filtered lidar-derived data. We obtained 

similar predictive capacity in NLS and LR, which indi-
cates no complex nonlinear relationships between lidar-
derived metrics and surface fuel load. Consequently, we 
present the performance of the LR model as a repre-
sentative case (Fig.  8), while providing the correspond-
ing scatterplots for the NLS and RF models, as well as a 
table containing model performance data in the supple-
mentary materials (Fig. S3, Fig. S4. Table S5) for further 
comparison.

Fig. 4  Pearson correlation coefficients between selected independent lidar-derived metrics and corresponding dependent surface fuel metrics

Fig. 5  Impact of trunk filtering on the quantity of lidar returns across height strata
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Fig. 6  Impact of filtering tree trunk points on distribution of lidar-derived metrics (Table 2), with p-values estimated using Students t-test
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While using parametric models for the litter depth 
layer, we observed a slight improvement in their explana-
tory ability as a result of TPF (ΔR2 = 0.02), while the per-
formance of the RF model decreased (Fig.  7). However, 
we also observed a decline in bias of RF (Δbias = −2%) 
for the litter layer under the utilization of TPF, while the 
LR and NLS remained at the same level.

TPF did not significantly improve model performance 
for the corresponding strata (branch biomass and com-
bined shrub–branch biomass), although notable changes 
in predictor distributions located above 0.5  m height 
were observed (Fig.  6). The only exception was the RF 
model, where filtering resulted in reduced explanatory 
power. In contrast, a nonsignificant improvement was 
observed for the herbaceous and litter layers using LR 
(ΔR2 = 0.01 and 0.02, respectively), likely due to changes 
in lidar intensity metrics. The intensity metrics showed 
marginal gains in model performance, since those were 
calculated within a vertical buffer extending to 5 m above 
the stratum, where TPF had a more significant effect on 
the predictors.

Discussion
In this study, we collected ALS data from a low flight alti-
tude, resulting in a high-density point cloud (2354–2913 
points m−2). We utilized the unique combination of ALS 
data and a specifically developed sampling protocol, 
which involved the establishment of 1-m radius small 
sample plots. The very high density of the lidar data also 
enabled us to classify trunk points directly from the point 
cloud. Our findings highlight that the effect of TPF is not 

uniform across strata: lidar metrics derived from layers 
encompassing the surface fuel stratum (up to 2.0 m verti-
cally) and extending up to 5 m above ground level were 
more sensitive to trunk point filtering, whereas metrics 
within surface layers remained relatively stable. This pat-
tern may be attributed to occlusion effects, where shrubs, 
herbaceous vegetation, tree branches, and canopy layer 
partially obscure tree trunks, limiting their represen-
tation in the ALS point cloud and reducing the perfor-
mance of trunk detection and filtering.

We did not detect any substantial effect of TPF on the 
performance of surface fuel models. These results suggest 
that TPF may be unnecessary for large-scale surface fuel 
modeling using ALS data, saving both processing time 
and computational resources. Moreover, given that ALS 
point densities rarely achieve the level of trunk detection 
attainable with TLS (Donager et  al. 2021), avoiding this 
step provides a more consistent and practical workflow 
across different forest types without losing accuracy of 
estimates.

Model performance and limitations
We achieved low to moderate model performances by 
predicting surface fuels using linear models. We found 
that the RF model exhibited a higher probability of over-
estimating small values in comparison to parametric 
regression methods (Fig. S4), which was not observed 
when utilizing parametric regression approaches. Addi-
tionally, the performance of the RF model for litter fuel 
component decreased where TPF was applicable. Mean-
while, most studies have utilized the nonparametric 

Fig. 7  Model performance indicators across surface fuel components and levels of filtering, as evaluated by leave-one-out cross-validation. RF, 
random forest; NLS, nonlinear least squares; LR, linear regression
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regression for modelling surface fuel load, such as RF 
(Venier et al. 2019; Bright et al. 2022; Labenski et al. 2023; 
McCarley et al. 2024). Our findings showed that LR out-
performed RF regression in predicting surface fuel load, 
indicating that the relationships between lidar metrics 

and fuel load are closely linear. This pattern is probably 
related to several interacting factors: a relatively small 
sample size, the right-skewed distribution of the sur-
face fuel load data, and the noise of the lidar-derived 
data (lidar returns contained beams from other fuel 

Fig. 8  Performance of linear regression predicting surface fuels across different fuel components and type of trunk points filtering. Dashed line 
represents a perfect correspondence between observed and modeled data; solid line represents regression between predicted and observed 
values with 95% confidence interval
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components within strata). These limitations could have 
reduced the explanatory ability of the RF model; mean-
while, linear regression approaches demonstrated better 
performance. We therefore caution that this result may 
not necessarily hold in larger datasets, where machine 
learning models could potentially demonstrate superior 
predictive ability.

Litter layer depth in our study was predicted with 
the best model performance among other fuel compo-
nents in 0.0–2.0  m vegetation strata (R2 = 0.37–0.39). 
We revealed a strong correlation between the CV and 
SD of lidar intensity (P = 0.55; 0.59, respectively) calcu-
lated within a 5-m radius and litter load. A possible rea-
son for this is that the tree species composition impacts 
both litter load and spectral reflectivity, as our sites rep-
resent diverse boreo-nemoral conditions with mixtures 
of Scots pine, Norway spruce, European oak, and silver 
birch. The underlying reason for this phenomenon can 
be attributed to the dependence of the obtained lidar 
reflected beam intensity value on the composition of the 
stand, which in turn directly affects the variability of the 
fuel load (Martin-Ducup et al. 2025). Other studies have 
reported diverse results regarding litter model accuracy, 
finding it more challenging to predict compared to can-
opy and ladder fuels. For instance, Labenski et al. (2023) 
estimated litter load with R2 = 0.13 and litter depth with 
R2 = 0.30. Model accuracies have been shown to vary 
greatly (R2 = 0.19–0.49) across study areas  (Tenny et  al. 
2025). Meanwhile, Bright et  al. (2022) explained 59% of 
the variation in litter and duff, using a digital elevation 
model and time since the last fire as additional variables. 
Lin et  al. (2024) described 57% of the variation using 
point density metrics at stand level, while Stefanidou 
et  al. (2020) described 69% of the variation. McCarley 
et  al. (2024) explained 43% of the litter and 26% of the 
duff layer variability, which indicates a great potential to 
deliver accurate site-specific models of litter load.

When working with the group of intensity metrics, we 
conducted a series of tests on sample plots limited by 
their radius of 1  m, but we did not find any significant 
relationship with litter load. The increase of up to 5  m 
showed a positive correlation in estimating litter depth. 
The positive correlation between lower vegetation strata 
and intensity metrics was confirmed by Stefanidou et al. 
(2020). Simultaneously, the selection of first or all lidar 
returns did not impact the correlations between inde-
pendent intensity variables and litter depth.

We predicted the load of herbaceous vegetation with 
low accuracy (R2 = 0.17–0.27). We expected that our 
low-altitude flying laser scanner would be able to cap-
ture enough points for herbaceous plants in plots with a 
small size (1 m radius). However, some occlusion by the 
forest canopy, tree trunks, lower branches of Norway 

spruce trees, or shrubs likely distorted the signal. TLS 
can be more helpful in avoiding occlusion. For instance, 
a study that compared TLS with traditional field surveys 
to model herbaceous fuels explained 72% of the varia-
tion in herbaceous biomass within similar small plots, 
surpassing lower explanation ability (R2 = 0.34) of con-
ventional measurement methods (Li et  al. 2021). TLS 
data also showed superior performance in other studies 
(Wallace et al. 2017; Hudak et al. 2020). Modeling perfor-
mance of herbaceous layer using ALS data demonstrated 
moderate explanatory ability across studies, with R2 val-
ues ranging from 0.53 (Labenski et al. 2023) to 0.71 (Ste-
fanidou et al. 2020). Both studies utilized an area-based 
approach for fuel load modeling, where Labenski et  al. 
(2023) also demonstrated dependence mostly on multi-
spectral features and canopy characteristics. Other stud-
ies demonstrated low model performance, where only 
10.4% variance of herbaceous fuel load was explained 
(McCarley et  al. 2024). Martin-Ducup et  al. (2025) also 
demonstrated the poor relationship (R2 = 0.11) between 
vegetation coverage in the lower (0.0–0.5 m) stratum and 
ALS point densities using return density index within the 
corresponding stratum.

This study relied on direct field measurements of shrub 
stem diameters, branch diameters and lengths, while pre-
vious studies have relied on allometry equations to esti-
mate shrub biomass. We eliminated a common source of 
uncertainty in branches volume estimation by avoiding 
the use of allometry equations, ensuring that our models 
were grounded in observed rather than inferred biomass 
values. However, an important limitation of our approach 
is the absence of foliage and needle biomass measure-
ments in the shrub layer, which may have negatively 
influenced its explanatory power, since lidar pulses are 
reflected by both woody shrub components and green 
biomass. In addition, the small size of the sample plots 
could further limit the model skill. Our study reached 
28% of explanatory ability within the 0.5–2.0-m stratum. 
Shrub biomass strongly depends on local light availability 
under the forest canopy layer, which can only be reliably 
assessed with an area-based approach. All other studies 
utilized a combination of ALS data with data collected 
using area-based approach, where explanatory ability var-
ied substantially. This variability reflects both the meth-
odological differences and the choice of lidar-derived 
metrics used to characterize this fuel layer. Labenski et al. 
(2023) demonstrated a range of explanatory power, with 
R2 values of 0.33 for fine shrub fuels and 0.64 for woody 
shrubs. We also corroborate the findings of Labenski 
et  al. (2023), highlighting the importance of geometric 
metrics for assessment of this fuel stratum. In our study, 
cumulative height metrics as well as voxel-based indices 
(Vox_R_0.5_2) were also significant variables. McCarley 



Page 15 of 19Zadorozhniuk et al. Fire Ecology           (2026) 22:28 	

et  al. (2024) obtained contrasting results using ALS 
data (canopy cover, height quartiles, and density met-
rics alone), where the results yielded limited explanatory 
ability (explained 7.0% of the variance in the shrub and 
seedling layer simultaneously) and 31% of the variabil-
ity of total understory fuels. Martin-Ducup et al. (2025) 
described 39% and 48% variation of vegetation coverage 
within 0.5–1.0 and 1.0–2.0-m strata, respectively. In con-
trast, Tenny et al. (2025) achieved an explanatory power 
of 53% for total standing surface fuels, which were largely 
represented by shrubs, using LAD profiles of TLS data.

Our study aimed to investigate the surface fuel load, 
separated only by components, which is important for 
wildfire behavior modeling (Scott and Burgan 2005), and 
we did not assess the model performance for the total 
value of surface fuel. We assume that the total understory 
strata predictions are more accurate, as point cloud slices 
for one fuel component may include laser beams inter-
cepted by another component. For example, any lidar 
metric at 0.0–0.5-m stratum will include combined sig-
nals from litter, herbs, lower parts of long tree branches 
(e.g., common for Norway spruce), deadwood, and large 
boulders. The accuracy of predicting understory veg-
etation by components or altogether varies significantly 
across studies. Evidently, this way of assessing surface 
and ladder fuel loads demonstrated enhanced model 
performance than modeling individual fuel components 
separately. The model achieved a performance capacity 
of 49–75% in explaining the variation in total understory 
biomass using stereophotogrammetric surveying data 
collected under the forest canopy (Zhang et  al. 2022). 
TLS data reached comparable (R2 = 0.61–0.74) model 
performance  (Loudermilk et al. 2023). As demonstrated 
by the superior explanatory ability in Post et  al. (2025) 
and Rowell et  al. (2020), the models of understory bio-
mass performed well, explaining up to 90%, mostly capi-
talizing voxel-based metrics.

Variability in micro topography within the sample 
polygons presented an additional challenge in estimat-
ing ground fuels. Stones with a height of up to 0.5  m 
were common on our sites, and these were not classi-
fied as part of the “ground layer” when normalizing the 
point cloud. We did not assess the impact of stones on 
the model performance in the present study, although we 
realize that their presence might affect the values of inde-
pendent variables (Fig. 9).

Impact of filtering tree trunk points out
Our study was unable to confirm a significant effect of 
trunk filtering on the performance of surface fuel mod-
els. It is important to note that our results were obtained 
using a unique setup that combines high-density ALS 
data with small sample plots. Alternative designs, such 

as area-based approaches with a larger size of sample 
plots or using TLS data, could obtain different results of 
TPF impact on model performance. In practice, ALS is 
primarily suited to area-based assessments rather than 
trunk classification (White et  al. 2016), and our find-
ings provide evidence that pursuing extremely high-
density ALS solely for stem delineation is not essential, 
as this does not substantially affect the predictive per-
formance of surface fuel models. To date, the utilization 
of TPF approach in studies has been limited, with only 
few studies employing this method. For instance, Tenny 
et al. (2025) conducted a removal of non-foliage vegeta-
tion during LAD assessment. Adhikari et  al. (2023) uti-
lized a tree stem filtering approach on TLS data, which 
explained comparatively 80% of the total surface fuel 
variation. In the study by Zhang et al. (2022), stereopho-
togrammetrical data under the canopy layer was applied, 
with points located at > 2-m height (representing non-
understory vegetation) being filtered out. Jarron et  al. 
(2020) applied a similar approach to limit their lidar point 
cloud only to understory layer. The potential utility and 
implications of these classifications remain unclear. The 
ability to characterize understory strata using ALS data 
was also declining under occlusion impact (Venier et al. 
2019), but no confirmed impact on model performance 
results has been demonstrated.

Conclusions
The utilization of ALS data holds considerable promise in 
the estimation of fuel loads under the canopy of boreal 
forests. Our study highlights the computation complexi-
ties in modeling forest surface fuels. Despite the use of 

Fig. 9  Illustration of a 10-m ROI surface area of the sample plot, 
with yellow circles representing stones. a RGB-colored point cloud, 
b blue points represent ground-classified returns, while white points 
represent non-ground returns



Page 16 of 19Zadorozhniuk et al. Fire Ecology           (2026) 22:28 

very high-density ALS data from low flight altitudes in 
combination with small sample plots, the capacity to 
describe surface fuel load remained inferior to that could 
be achieved by TLS data, which better captures struc-
tural complexity of the forest understory. Our findings 
indicate that litter-related metrics primarily depend on 
stand-level data, which explains the need for increased 
plot radius to achieve better performance of estimates. 
Simultaneously, small-radius sample plots are essential 
for capturing fine-scale fuel variability in forest stands, 
such as shrub and herbaceous biomass. Thus, achieving 
ALS performance comparable to TLS requires a point 
cloud with density exceeding 3000 points  m−2. At such 
densities, ALS-based models still have lower explanatory 
power than TLS applications (> 10,000 points m−2). How-
ever, UAV-based laser scanning retains a key advantage 
by providing spatially explicit estimates of surface fuel 
load across large areas. This enables the characterization 
of within-stand heterogeneity of surface fuels and sup-
ports spatially continuous fuel mapping, which is difficult 
to achieve with TLS due to its limited spatial coverage 
and operational constraints. Further works should esti-
mate wider impact of the TPF methodologies employed, 
with diverse lidar data and forest types, in addition to 
varied sample plot establishment techniques.
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