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Summary

The formation of the wind damages (windthrow, blowdown) is controlled primarily
by the occurrence of high-speed winds. Due to the strong wind impact, the tree can be broken
or uprooted. In the 1% type of tree mortality, there are only minor geomorphic and pedogenic
consequences. In the 2™ type of tree mortality, some of the soil material attached to its root system
is lifted and deposited on the ground surface in the form of a root plate. These forms are unstable and
subsequently deteriorate, leading to the formation of pit-mound topography, i.e., adjacent pit-mound
pairs of various density per ha, where each pair represents remnants of one root plate. The tree
uprooting process and its outcomes can be considered an expression of biomorphodynamics,
i.e., changes in landforms, activity of geomorphological processes, and transport caused by living
organisms.

The wind-driven forest damage, together with resulting landforms (root plates, pit-mound
topography) can be studied in different spatio-temporal scales, with the use of various techniques
and approaches, such as field mapping, soil sampling, geophysics, dendrochronology, and using
digital approach through remote sensing (RS). The advantages of employing remote sensing over
other approaches are: 1) substantial volume of RS data collected nowadays by national agencies, out
of which a large part is available in an open domain, 2) the RS data consistency supporting a large
variety of strategies, workflows, and analytical and modeling scenarios, and 3) defined intervals of RS
data acquisition enabling analysis of the phenomena changeability over time.

The main objective of the thesis is to develop a quantitative and qualitative methodology
for using remote sensing data to assess the impact of windthrows on the slope biomorphodynamics.
This methodology was proposed for three components required in the analysis of wind-related
biomorphodynamics, i.e., windthrow areas, root plates of fallen trees, and pit-mound topography.
The author tested whether the RS data can be effectively applied to map these components with a high
spatial precision, on the level of accuracy enabling to decipher the environmental aspects of the wind
- trees - relief and soils interactions. Research was carried out for the mid-latitudes mountainous
coniferous forests of the Polish Carpathians (Babia Goéra National Park and Gorce National Park)

and the American Rocky Mountains (Colorado Front Range).

The blowdown mapping in the Rocky Mountains was based on the change detection using
pre- and post-event images. Using the change vector analysis, changes between images are described
using two parameters: magnitude, representing the amount of change, and direction, referring
to the type of change. The author computed the differential image composed of 12 bands, and then
calculated mgt and drct rasters for 66 possible pairs of differential image bands. Different mgt
and drct thresholds were tested to provide the best possible accuracy and the lowest false positive rate
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(FPR). The final result was obtained by combining the direction and magnitude rasters. The most
effective output was based on Sentinel-2 band pairs 11 and 12, together with 40° < drct < 47° and
mgt > 0.1, having the TPR of 66.04% and FPR of only 0.89%. These results can be adjusted to higher
TPR, however this is connected with the FPR increase.

Both root plates and pit-mound detection were based on LiDAR data and the raster models
derived from them. For root plates, analyses were carried out in the 0.25 m resolution, while for pit-
mound topography three DTMs with resolutions of 0.1, 0.25 and 0.5 m were tested. For root plates,
the author created the differential model (DM) representing the height of root plates, fallen trunks,
and dense understory vegetation by 1) creating the Digital Surface Model (DSM) through
interpolation of the points being the last returns of the laser beam with a normalized height < 2 m,
and 2) subtracting the DTM. For both methods the position of forms was extracted using closed
contour lines, and applying various classification methods. For treethrow pits and mounds, the objects
were labeled basing on the location of the highest and the lowest points within the closed contour line
polygons. For root plates, the closed contour line polygons were labelled as “root plates”
or “artefacts” using a set of parameters computed for each polygon and comparing multiple filtering
rules to select the most effective one. Regarding the biotransport, the author proposed two approaches
to estimate the volume of root plates using the above-described differential model. Having the most
accurate root plate boundary, the volume was estimated using the contour lines (CNT) or zonal
statistics (ZS) approach. The results were validated using root plate volumes calculated based
on the field measurements (FM) and the equation for the volume of a half ellipsoid. This allowed to
calculate the volume of the soil volume transported within root plates of uprooted trees. All described
workflows were automated using R programming language. The root plate detection rate was 79.1%,
71.2% and 70.3% for three investigated 100x100 m study plots, respectively. The root plate volumes
computed with the RS-based approaches were in a similar range to the ones estimated using the field
data. The mean calculated biotransport was the highest when using ZS, lower for CNT, and the lowest
for FM. Pit-mound pairs detection rate was at the level of 90.6% and 85.7% for two study areas,
whereas the highest detection rate for pits reached 96.9 — 95.2%, and for mounds — 93.8% - 90.5%.



The methods proposed in this thesis are novel in several aspects, which include: 1) proposing
the root plates and pit-mound topography mapping workflows based on LiDAR data, 2) developing
the techniques of single root plate volume estimation, based on LiDAR data, 3) implementing
the change vector analysis for the blowdown detection for the first time in North America, 4)
preparing scripts in R programming language to automate all the workflows, and 5) presenting the
detailed exploration and evaluation of factors affecting the quality of these methods outputs. The
presented environmental insights contribute to the fields of geomorphology, soil science, and forest
ecology through: 1 ) exploring and explaining the spatial distribution patterns of root plates
and pit-mound topography, 2) quantifying the biotransport driven by tree uprooting, and 3) providing

the analysis of to-date unexplored 2020 wind event in the Colorado Front Range.

Keywords: windthrow, tree uprooting, biomorphodynamics, LiDAR, Sentinel-2, change vector

analysis, R programming

Streszczenie

Powstawanie zniszczen spowodowanych przez wiatr (wiatrowatéw, wiatrolomow) jest
przede wszystkim uwarunkowane wystgpowaniem wiatréw o duzej predkosci. Na skutek
ich oddziatywania drzewo moze zosta¢ ztamane lub wyrwane z korzeniami. W pierwszym typie
smiertelnosci drzew skutki geomorficzne 1 pedogeniczne sg znikome. Natomiast w drugim typie
system  korzeniowy drzewa wraz z gleba zostaje uniesiony 1 zdeponowany
na powierzchni terenu w postaci wykrotu. Formy te sa nietrwate i z czasem ulegaja degradacji,
co prowadzi do powstania charakterystycznej topografii kopcodw 1 zaglebien — sgsiadujacych par form
wklestych 1 wypuktych o zréznicowanym zageszczeniu na jednostke powierzchni, z ktorych kazda
para jest pozostato$cig po jednym wykrocie. Proces wyrywania drzew z korzeniami oraz jego skutki
stanowig przejaw biomorfodynamiki, rozumianej jako zmiany w formach rzeZzby terenu, aktywnosci
procesOw geomorfologicznych oraz transporcie materialu powodowane przez dziatalno$¢
organizmow zywych.

Zniszczenia w lasach spowodowane przez wiatr, wraz z towarzyszacymi im formami terenu
(wykroty, topografia kopcow i zaglebien), moga by¢ badane w roéznych skalach przestrzennych

1 czasowych, przy uzyciu zréznicowanych metod, takich jak kartowanie terenowe, pobor probek



glebowych, geofizyka, dendrochronologia oraz podejscia cyfrowe, oparte na teledetekcji.
Zastosowanie danych teledetekcyjnych oferuje istotne korzys$ci w pordwnaniu do innych metod,
w tym: 1) duzy zasob danych pozyskiwanych obecnie przez instytucje krajowe, z ktorych znaczna
czgs$¢ jest publicznie dostepna; 2) wysoka spojno$¢ danych umozliwiajaca realizacj¢ zroznicowanych
strategii badawczych, $ciezek analitycznych i scenariuszy modelowania; oraz 3) regularnosé
pozyskiwania danych, umozliwiajaca analiz¢ zmienno$ci zjawisk w czasie.

Celem pracy bylo opracowanie ilosciowej 1 jako$ciowej metodologii wykorzystania danych
teledetekcyjnych do oceny wplywu wiatrowatow na biomorfodynamike stokow. Metodologia ta
zostata opracowana dla trzech gléwnych komponentow istotnych w analizie biomorfodynamiki
zwigzane] z dziatalno$cig wiatru: obszaréw wiatrowatowych, wykrotéw oraz topografii kopcow
1 zaglebien. Autor badal, czy dane teledetekcyjne moga by¢ skutecznie wykorzystane do mapowania
wyzej wymienionych elementéw z wysoka precyzja przestrzenng i doktadno$cia wystarczajaca
do prowadzenia analiz §rodowiskowych polegajacych na badaniu zalezno$¢i miedzy wiatrem,
drzewami, a rzezba terenu i glebami. Badania przeprowadzono w umiarkowane;j strefie klimatycznej,
w lasach regla gornego z dominacja §wierka w Karpatach Polskich (Babiogorski Park Narodowy
1 Gorczanski Park Narodowy) oraz w lasach swierkowo-sosnowych w Gorach Skalistych w USA
(Colorado Front Range).

Kartowanie wiatrotoméw w Goérach Skalistych oparto na analizie zmian na obrazach sprzed
zdarzenia i po zdarzeniu. Wykorzystano analiz¢ wektoréw zmian (change vector analysis), w ktorej
réznice pomigdzy obrazami opisano dwoma parametrami: magnituda (magnitude, mgt), oznaczajaca
intensywno$¢ zmiany, oraz kierunkiem (direction, drct), wskazujagcym jej charakter.
Autor wygenerowal obraz réznicowy ztozony z 12 pasm spektralnych, a nastepnie obliczyt rastry
magnitudy 1 kierunku dla 66 mozliwych par pasm. Testowano rézne progi wartosci mgt i drct w celu
uzyskania jak najwyzszej doktadnosci i minimalnego odsetka falszywie pozytywnych detekcji (FPR).
Ostateczny wynik uzyskano przez potaczenie rastrow kierunku 1 magnitudy zmian. Najlepsze
rezultaty osiggnieto dla pary kanatow Sentinel-2: 11 1 12, przy wartosciach 40° < drct < 47° oraz mgt
> 0.1, uzyskujac wskaznik wartos$ci prawdziwie pozytywnych (TPR) réwny 66,04% oraz bardzo niski
FPR - 0,89%. Zwigkszenie TPR jest mozliwe, lecz wiaze si¢ z podwyzszeniem FPR.

Detekcja wykrotow oraz topografii kopcow 1 zaglebien oparta byla na danych LiDAR
oraz na wyliczonych na podstawie tych danych modelach rastrowych. Analize dla wykrotow
prowadzono w rozdzielczosci 0,25 m, natomiast dla topografii kopcow 1 zaglebien testowano trzy
numeryczne modele terenu (NMT) o rozdzielczosciach 0,1, 0,25 1 0,5 m. Autor opracowat model
roznicowy, ktory uwzglednial wysoko$¢ wykrotow, powalonych pni oraz zwartego podszytu,
poprzez: 1) utworzenie numerycznego modelu pokrycia terenu (NMPT) na podstawie interpolacji

punktéw ostatnich odbi¢ impulséw laserowych o znormalizowanej wysokosci < 2 m powyzej



powierzchni terenu, oraz 2) odjecie NMT. Potozenie form wyodrebniano na podstawie zamknigtych
poziomic, a do klasyfikacji zastosowano rozne metody. W przypadku kopcow i zaglebien obiekty
klasyfikowano w oparciu o lokalizacj¢ najwyzszych i najnizszych punktow w obrebie poligonow
zamknigtych poziomic. Dla wykrotdw, poligony zamknigtych poziomic klasyfikowano
jako ,,wykroty” lub ,,artefakty”” na podstawie zbioru parametrow wyliczonych dla kazdego poligonu
oraz zastosowania zestawu regut filtrujgcych, w celu wyboru najbardziej efektywnej kombinacji.
W kontekscie biotransportu, autor zaproponowat dwa podejscia do szacowania objetosci wykrotow
z wykorzystaniem opisanego modelu réznicowego: 1) metode poziomicowa (CNT), 2) podejscie
oparte na statystyce strefowej (ZS). Wyniki zostaly zweryfikowane na podstawie pomiardéw
terenowych (FM) oraz wzoru na obj¢tos¢ potelipsoidy obrotowej, co pozwolito oszacowaé ilos¢
materialu glebowego przemieszczonego w formie wykrotow. Wszystkie etapy analizy zostaty
zautomatyzowane w jezyku R. Skuteczno$¢ wykrywania wykrotow wyniosta odpowiednio 79,1%,
71,2% 1 70,3% dla trzech powierzchni badawczych o wymiarach 100x100 m. Uzyskane objetosci
byly poréwnywalne z szacunkami opartymi na danych terenowych. Najwyzsze warto$ci
biotransportu zostaty oszacowane przez metode ZS, nizsze przez metod¢ CNT, a najnizsze przy
zastosowaniu pomiaréw terenowych (FM). Dokladno$¢ wykrywania par kopiec—zaglgbienie
wyniosta odpowiednio 90,6% 1 85,7% dla dwoch analizowanych obszarow, przy czym detekcja
samych zaglegbien osiggneta 95,2-96,9%, a kopcow — 90,5-93,8%.

Zaprezentowane w pracy metody maja nowatorski charakter w kilku kluczowych aspektach,
takich jak: 1) opracowanie sposobow przetwarzania danych LiDAR w celu mapowania wykrotow
oraz topografii kopcoOw 1 zaglebien, 2) opracowanie metod szacowania objetosci pojedynczych
wykrotow na podstawie danych teledetekcyjnych, 3) pierwsze dla obszaru Ameryki Pdinocnej
zastosowanie analizy wektorow zmian do detekcji wiatrotlomow, 4) wdrozenie skryptow w jezyku R
automatyzujacych calo$¢ proceséw analitycznych, 5) szczegdétowa analiza czynnikoéw wptywajacych
na jakos¢ wynikow. Wnioski wynikajace z przeprowadzonych badan maja istotne znaczenie
dla geomorfologii, gleboznawstwa i1 ekologii lasu, poprzez: 1) zbadanie przestrzennych wzorcow
rozmieszczenia wykrotdow oraz topografii kopcow 1 zaglgbien, 2) ilo$ciowe oszacowanie
biotransportu spowodowanego wyrywaniem drzew z korzeniami, 3) analiz¢ dotychczas nieopisanego

zdarzenia wiatrowego z 2020 roku w rejonie Gor Skalistych w Kolorado, USA.

Stowa kluczowe: obszar wiatrowatowy, wyrywanie drzew z korzeniami, biomorfodynamika, LiDAR,

Sentinel-2, analiza wektoréw zmian, programowanie w R



Definitions

biomorphodynamics (pol. biomorfodynamika) — spatio-temporal changes in landforms, activity
of geomorphological processes and soil material transport caused by living organisms (plants,
animals, etc.)

biotransport (pol. biotransport) — movement of soil induced by living organisms

CVA (change vector analysis) — the method of change detection used to identify spectral changes
between two images acquired at different times. CVA characterizes the change by computing
the magnitude and direction of change vector. Magnitude corresponds to the amount of change, while
direction refers to the type of change.

DSM (Digital Surface Model) — a raster model where pixel values represent the natural and built
features on the Earth’s surface

DTM (Digital Terrain Model) — a raster model where pixel values represent the ground surface.
LiDAR (Light Detection and Ranging) — the remote sensing technology that works through emitting
laser pulses and measuring the time it takes for the reflected light to return

pit-mound topography (also: pit and mound topography, treethrow pit-mound forms;
pol. topografia kopcow i zaglebien, rzezba jamowo-kopczykowa, morfologia wykrotowa) —
the microtopography consisting of multiple pairs of adjacent pit and mound, originating from the tree
uprooting; the pit is the place occupied by the tree-root system before uprooting, and the mound
is the remnant of the decomposed root plate

point cloud — the set of points in space representing the laser beam reflections; the product of LiDAR
scanning

root plate (also: root ball; pol wykrot) — microrelief landform (or forest floor object)
consisting of undecomposed tree root system and the attached soil and rock particles

windthrow, blowdown (pol. obszar wiatrowatowy) — the forest area with trees damaged

by the high-speed wind, either with broken (snapped) or uprooted trees
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Introduction

Wind damages (windthrow, blowdown) are among the most frequent and important types
of forest disturbances around the world (Seidl et al., 2011; Gardiner, 2021). Their formation
is controlled primarily by the occurrence of high-speed winds, related to the passage of low pressure
systems (Mitchell, 2013). The key wind-related factors controlling the forest damage are the gust
speed, direction and the duration of the strong wind. The spatial distribution of windthrow areas
is also connected to other environmental factors, such as abiotic (topography, slope, soil and bedrock
type) and biotic (stand type, species, tree height, etc.) (Senf and Seidl, 2021). Due to the strong wind
impact, the tree can be broken or uprooted. In the 1% type of tree mortality, there are only minor
geomorphic and pedogenic consequences. They include damming of the eroded material from
the upper parts of the slope (Pawlik, 2013) and the geochemical changes in the soil profile beneath
lying stems due to fungi activity during the stem decomposition (Fall et al., 2022). In the 2" type
of tree mortality, some of the soil material attached to its root system is lifted and deposited
on the ground surface in the form of a root plate (Schaetzl et al., 1990; Samonil et al., 2016). These
forms are unstable and subsequently deteriorated, leading to the formation of pit-mound topography,
i.e., adjacent pit-mound pairs of various density per ha, where each pair represents remnants
of one root plate (Fig. 1) (Schaetzl et al., 1990; Ulanova, 2000). The tree uprooting process
and its outcomes can be considered an expression of biomorphodynamics, i.e., changes in landforms,
activity of geomorphological processes (Samonil et al., 2015), and transport caused by living
organisms (Phillips et al., 2008; Phillips, 2009). From the point of view of soil science,
geomorphology, and forest ecology, these expressions of biomorphodynamics play a crucial
environmental role through influencing the soil properties and development, shaping the slope
microrelief, and affecting the local conditions of the forest functioning (Schaetzl et al., 1989; Rojan,
2010; Pawlik, 2013). In this context, interactions between fallen trees, soils, and slope
microtopography should not be ignored (Fig. 1).

In most cases, wind disturbances interact with other types of forest disturbances, such as insects
outbreaks, wildfires, droughts, and intense snowfall (Seidl et al., 2011). Stands affected by insects
(e.g., bark beetle) or drought seem to be more likely to be damaged by wind (HavaSova et al., 2017).
Large volume of coarse woody debris (CWD) being an effect of a windstorm event is a potential fuel
source for future wildfires (Kulakowski and Veblen, 2002). CWD presence also influences the forest
nutrient cycle, as the dead wood is valuable source of organic carbon and various microelements
(Joyce et al., 2019). The blowdown occurrence impacts the plant communities, driving the plant
succession processes to its initial stage. Under the impact of environmental stress factors, windthrows

may be a triggering mechanism of a forest type or plant community alteration (Kooch et al., 2012),
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e.g., leading to transition from spruce monoculture to mixed beech-fir forest in the Polish Carpathians
(Zadrozny et al., 2017). A pit-mound topography produced by tree uprooting (treethrow) affects
the development of understory vegetation, soil processes, and supports small-scale retention
in treethrow pits (Valtera and Schaetzl, 2017). Both root plates and pit-mound topography can act as
geomorphic indicators of past wind-driven forest disturbances (Gerlach, 1960; Kotarba, 1970;
Schaetzl et al., 1989). In addition, the investigation of root plates and treethrow pits and mounds
(their spatial orientation and dimensions) enables reconstruction of wind direction. Estimation
of the root plate volume offers an insight into the scale of slope material mobilization and transport
due to uprooting (Gabet et al., 2003; Constantine et al., 2012). Considering the spatial distribution
of these forms, the relationship between blowdowns and other components of the environment can
be investigated (Pawlik, 2013). The tree uprooting process and resulting landforms seem to be
strongly impacted by human activity due to forest management, as in managed forests root plates are
removed or disturbed. Due to the former forest management in Central Europe, the spruce stands
introduced in clear-cut beech-fir stands are more prone to disturbances (Holeksa et al., 2017).
In managed forests mature trees are being cut before they reach a size making them very prone to
wind damage, preventing the formation of root plates and pit-mound topography. Hence,
the occurrence of root plates and pit-mound topography may be an indicator of unmanaged,

old-growth forests (Falinski, 1976; Barker Plotkin et al., 2017).

root plate 3 4

~. mound

Fig. 1. The functioning of the wind-driven hillslope biomorphodynamics. After: Pawlik, 2013 (modified).

The wind-driven forest damage, together with resulting landforms (root plates, pit-mound
topography) can be studied in different spatio-temporal scales with the use of various techniques
and approaches, such as field mapping, soil sampling, geophysics, dendrochronology, and using
digital approach (Kozak, 2022) through remote sensing (RS). The advantages of employing remote
sensing over other approaches are: 1) substantial volume of RS data collected nowadays by national
agencies, out of which large part is available in an open domain, 2) the RS data consistency supporting

a large variety of strategies, workflows, and analytical and modeling scenarios, and 3) defined
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intervals of RS data acquisition enabling to analyse the phenomena changeability over time (Hansen
etal., 2013). To effectively analyse the RS data, new methods and detection algorithms and workflows
are required. The automatization could enable performing the environmental studies for large areas,
in the scale for which taking the fieldwork would take months or years (Hansen et al., 2013;
Bonannella et al., 2022). Such an approach would allow to draw wider conclusions than in the case
of sampling just several plots. To achieve such objectives, the applied methods should be as accurate
as possible. The crucial issue is the output validation and assessment, which can be done using
confusion matrices (Dalponte et al., 2020). Testing on smaller areas is required to produce the method
applicable for a wide area. Minimizing the share of false positives and false negatives can be achieved
by adjusting applied procedures and thresholds (Godziek, 2024).

The complex mapping of windthrows, root plates and pit-mound topography might be done
by using custom automatic detection procedure. The assumption of its final output is obtaining
the data accurate enough to draw solid environmental conclusions based on them. Such methods
and workflows may vary and evolve, and preparing the most precise detection algorithm usually
requires several attempts and repetitive evaluation of the obtained output. The automation of these
procedures is crucial as enabling the big spatial data processing. Having the accurate detection
methods
of blowdowns and related landforms would allow to investigate multiple windthrow-related
environmental dependencies in a broad spatiotemporal perspective. An example of RS data that could
be employed to detect blowdown areas and landforms are light detection and ranging (LiDAR) point
clouds (Wezyk et al., 2019), and optical satellite imagery. These methods of data processing
and analysis may involve the change analysis between pre- and post-event images, the heuristic
approach based on finding thresholds basing on false positives rate minimalization, and the machine
learning approach.

Several examples show that RS data can be applied to detect wind-driven forest damage
(Forzieri et al., 2020; Lazecky et al., 2021). Optical satellite data and change vector analysis (CVA)
have been applied to map the blowdowns in the Italian Alps, resulting in an accuracy above 80%
(Dalponte et al., 2020). This approach has not been tested nor adapted for other forest regions,
such as North America. For the Rocky Mountains, to date very little research attention has been paid
to blowdown mapping. As the Southern Rockies region is characterized by low cloudiness, CVA
together with optical RS data have the potential to be effectively used for windthrow areas mapping.

The RS data have been used to detect forest floor features understory objects. The experiments
with LiDAR data processing indicated the possibility of fallen trees detection (Miicke et al., 2012).
LiDAR data filtering allowed to detect fallen tree stems (CWD) for the area located in Minnesota,

United States, with a detection rate of 23% (Joyce et al., 2019). Small microtopography forms
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with similar dimensions to the pit-mound topography can be detected using LiDAR-derived Digital
Terrain Models (DTMs) combined with the machine learning-based random forest approach
(Niculita, 2020). These examples show the potential of applying the RS to create automatic detection
methods of blowdowns, root plates, and pit-mound topography. Although there have been different
attempts for improving the ground classification algorithms for LiDAR data (Zhang et al., 2003,
2016a), no research has been conducted on the possibility of capturing the root plates of fallen trees
nor the pit-mound topography using point clouds and their derivatives (elevation models). However,
detection of these objects is important from a technical (accurate point cloud classification
and conversion to other spatial objects) and the environmental research perspective
(studies on the wind impact on the forested hillslopes microrelief). In addition, automation
of the detection procedures is crucial for performing analyses in broad spatio-temporal scales.

The main objective of the thesis is to develop a quantitative and qualitative methodology
for using remote sensing data to assess the impact of windthrows on the slope biomorphodynamics.
This methodology was proposed for three components required in the analysis of wind-related
biomorphodynamics, i.e., windthrow areas, root plates of fallen trees, and pit-mound topography.
The author tested whether the RS data can be effectively applied to map these components
with a high spatial precision, on the level of accuracy enabling to decipher the environmental aspects
of the wind - trees - relief and soils interactions.

The methodological objectives of the thesis included:
1) testing and modifying the windthrow detection methods using optical satellite data,
2) proposing and testing the methods supporting the detection of forms resulted from strong wind
impact on forest stands (i.e., root plates of fallen trees and pit-mound topography),
together with the methods enabling estimation of transported soil-rock material,
using the LiDAR data,
3) automation of all developed methods for the potential use in the large spatio-temporal scale
analysis,
4) exploring the technical and environmental factors affecting the accuracy
of the proposed methods.

As a result of the novel methodological approach presented above for studying windthrow
as an environmental and geomorphic slope phenomenon, the following scientific (cognitive)
objectives have been outlined:

1) assessment of the spatial distribution of windthrows, root plates, and pit-mound topography
within the particular study area, which is crucial in terms of microrelief evolution, soil
development, micro-scale hydrological processes, and forest regeneration,

2) quantitative assessment of the wind-driven biotransport, i.e., estimation of the volume of soil-
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rock material displaced in root plates.

As an additional component, which is important for hillslope denudation rates assessment and
landscape evolution modeling, the author performed time series analysis (meteorological and satellite
data) to track the course of the September 2020 Rocky Mountains wind event. Regarding the spatial
scope, all research was carried out for the mid-latitudes mountainous coniferous forests of the Polish
Carpathians (Babia Goéra National Park and Gorce National Park) and the American Rocky Mountains
(Colorado Front Range) (Fig. 1 in (Godziek and Pawlik, 2023; Godziek, 2024; Godziek et al., 2025).

Methods

The hillslope biomorphodynamics can be studied using three components of the spatial
and temporal scope of the process (Fig. 2). Firstly, windthrow areas should be identified
and positioned in time. Secondly, for these areas the recent biotransport could be estimated using
LiDAR data and root plates detection. Thirdly, the entire study area should be examined for

signs of past biomorphodynamics using the pit-mound mapping approach.

blowdqwn root plate root plate pit-mound
mapping detectlon volume topography
using CVA estimation detection

=
» 7~

Fig. 2. The remote sensing approaches in the context of wind-driven hillslope biomorphodynamics.

After: Godziek et al., 2025, Godziek 2024, Godziek and Pawlik, 2023 (modified).

To the author’s best knowledge, the windthrow mapping workflow (Godziek et al., 2025), built
upon the study conducted in the Italian Alps (Dalponte et al., 2020), is the first application
of the change vector analysis (CVA) method (Solano-Correa et al., 2019) for forest damage detection
in the North American context. The proposed approach is: 1) adjustable to study-specific needs like

maximizing or minimizing false positives, true negatives, or other goals, and 2) the approach
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is entirely based on the open data and scripting language available for future users, which secures
the possibility of testing the method in other environmental conditions. The mapping was
based on the change detection using pre- and post-event images. Using the CVA, changes between
images are described using two parameters: magnitude (mgt) representing the amount of change,
and direction (drct) referring to the type of change. The author computed the differential image
composed of 12 bands, and then calculated mgt and drct rasters for 66 possible pairs of differential
image bands. Different mgt and drct thresholds were tested to provide the best possible accuracy
and the lowest false positive rate (FPR). The final result were obtained by combining the direction
and magnitude rasters. The results were also compared with the Landsat-based, 30 m resolution
Global Forest Change (GFC) dataset to find and describe differences (Godziek et al., 2025).

Both root plates and pit-mound detection were based on LiDAR data and the raster models
derived from them. For root plates, analyses were carried out in the 0.25 m resolution, while for pit-
mound topography three DTMs with resolutions of 0.1, 0.25 and 0.5 m were tested. For root
plates, the author created the differential model (DM) representing the height of root plates,
fallen trunks, and dense understory vegetation by: 1) creating the Digital Surface Model (DSM)
through interpolation of the points being the last returns of the laser beam with a normalized height
< 2 m, and 2) subtracting the DTM. For both methods the position of forms was extracted using
closed contour lines. In the case of pit-mound topography, the length of each contour line within each
study plot was computed. Then, three contour line intervals (0.05, 0.1 and 0.25 m) and three contour
line length intervals (1.5 — 25 m, 2.5 — 20 m, 3.5 — 15 m) were tested. For root plates, the contour
lines were delineated basing on the differential model, then selected at three heights
(05, 1 and 1.5 m), polygonized and aggregated (Fig. 3 in (Godziek, 2024),
Fig. 4 in (Godziek and Pawlik, 2023)). The form classification was different in both cases.
For treethrow pits and mounds, the objects were labelled as “pit”, “mound”, or “unclassified” basing
on the location of the highest and the lowest points within the closed contour line polygons. Then,
pit-mound pairs were filtered basing on the distance criterion between adjacent pits and mounds
(Fig. 5 in (Godziek and Pawlik, 2023)). For root plates, the closed contour line polygons were labelled
as “root plates” or “artefacts” using a set of parameters computed for each polygon and comparing
multiple filtering rules to select the most effective one (Tab. 2, Fig. 4 in (Godziek, 2024)).
All described workflows were automated using R programming language (R Core Team, 2024).

Regarding the biotransport, the author proposed two approaches to estimate the volume of root
plates using the above-described differential model. Having the most accurate root plate boundary,
the volume was estimated using contour lines (CNT) or zonal statistics (ZS) approach. The results
were validated using root plate volumes calculated based on the field measurements (FM)

and the equation for the volume of a half ellipsoid. This allowed to calculate the approximate volume
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of the soil transported within root plates of uprooted trees (Godziek, 2024).

To asses these methods performance, various validation strategies and metrics were applied.
In the case of the blowdown detection, the true positives rate (TPR) and the false positives rate (FPR)
were applied. The validation dataset was randomly distributed points labeled as “blowdown”
or “no blowdown” using the high resolution ortophotomaps. Basing on this dataset,
1) TPR is the share of points correctly detected as blowdown in the overall number of “blowdown”
points, and 2) FPR is the share of points misclassified as blowdown in the overall number
of “no blowdown” points. The TPR-FPR plots allowed to find the most efficient parameters
of the detection method (Fig. 3 in (Godziek et al., 2025)). In the case of blowdown mapping,
the true negative (TN — areas correctly classified as “no blowdown”) and false negative
(FN — areas being blowdown, but incorrectly classified as “no blowdown”) classes can be defined.
For landforms (i.e., root plates and pit-mound topography) detection rate, only the metrics of three
classes can be attributed: 1) true positive rate (TPR, forms detection rate), i.e., the share of correctly
detected forms in the overall number of forms in the validation dataset (forms existing in the field),
2) false negative rate (FNR), i.e., the share of undetected forms in the overall number of forms
in the validation dataset, and 3) false positive rate (FP, false positive share, share of artefacts),
1.e., the share of incorrectly detected objects (artefacts) in the number of all detected objects.

For forms detection, there is no possibility to quantify the true negative (TN) class, as it should
be considered as the entire area outside the detected forms. The TPR and FNR complement each other
to 100%, so knowing the TPR, we also know the FNR. Hence, for the root plate detection, the author
took into consideration the root plate detection rate and false positives share (Fig. 4 in (Godziek,
2024)). The validation was based on field measurements of root plates location and dimensions using
GNSS receiver with < S5cm precision (Fig. 2 in (Godziek, 2024)). For pit-mound detection, the author
validated the results using the forms location dataset created by manual recognition of pit-mound
pairs using topographic position index (TPI). The mapping results (Tab. 1 in (Godziek and Pawlik,
2023)) refer to TPR (“detected””) and FNR (“undetected”). The “misrecognized” column is connected
with the errors in recognition of convex (mound) and concave (pit) forms. For pit-mound pairs,
the “partially detected” column refers to the cases, where only pit or only mound were detected.

The dissertation was complemented by the analysis of the environmental issues
of the September 2020 Colorado Front Range blowdown (Godziek et al., 2025). As the potential
future applications of all proposed RS methods require the environmental-perspective on windthrow
investigation, this additional component acts as a valuable example of studying of the past and recent
wind-driven forest disturbance events. The author 1) investigated the windthrow origin by exploring
the meteorological time series, 2) studied the relationship between windthrow areas distribution

and the topography using the United States Geological Survey 1 m resolution DTM resampled to 10
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m pixel size, and 3) measured the tree fall directions and root plate dimensions at the sample

blowdown patch to gain an insight into in-situ effects of the disturbance event (Godziek et al., 2025).

Results

The types of identified objects and the precision of their detection vary depending
on the methods used. Regarding the blowdown mapping, the most effective output
was based on Sentinel-2 band pairs 11 and 12, together with 40° < drct <47° and mgt > 0.1, having
the TPR of 66.04% and FPR of only 0.89%. These results can be adjusted to higher TPR, however
this is connected with the FPR increase (Tab. 1 in (Godziek et al., 2025)). In case of the root plate
mapping, the detection rate was 79.1%, 71.2% and 70.3% for three investigated 100x100 m study
plots, respectively (Fig. 5 in (Godziek, 2024)). The root plate volumes computed with the RS-based
approaches were in a similar range to the ones estimated using the field data. The mean calculated
biotransport was the highest when using ZS, lower for CNT, and the lowest for FM
(Tab. 4, Fig. 8 in (Godziek, 2024)). Pit-mound pairs detection rate was at the level of 90.6%
and 85.7% for two study areas, whereas the highest detection rate for pits reached 95.2 — 96.9%,
and for mounds — 90.5% - 93.8% (Tab. 1 in (Godziek and Pawlik, 2023)).

The detection rate of all proposed methods was influenced by different technical
and environmental factors. Generally, tuning of all methods to achieve the best possible results
confirmed that the growth of the true positives rate is always combined with the increase in the false
positives rate, and low values of FPR are accompanied with lowering in the values of TPR. Hence,
the key problem is to find the optimal parameters for each method to maximally increase the detection
rate and maximally lower the share of false detections. Regarding the CVA-based windthrow
mapping, when using only the magnitude parameter the TPR could be increased up to the 88.7%,
however with the accompanying growth of the FPR to 17.8% (Tab. 1 in (Godziek et al., 2025)).
For the root plate detection, the maximal detection rate of 89.6 — 86.1% is associated with the share
of artefacts (false positives) at the level of 59.9 — 57.2% (Tab. 2 in (Godziek, 2024)). The detection
procedures were also influenced by their geomorphometric features, i.e., the size and shape.
Regarding the root plate detection, this impacted the choice of the DM contour line values (0.5, 1 and
1.5 m) used to extract polygons indicating true root plates (referred to as cnt_plg in (Godziek, 2024)).
Regarding the pit and mound topography, the best detection results were obtained for the highest
tested DTM resolution of 10 cm and the smallest adopted contour line interval of 5 cm
(Tab. 1 in (Godziek and Pawlik, 2023)). In addition, the pit-mound pair filtering aiming at excluding
forms of no-blowdown origin was performed by using the distance criterion of < 1.5 m between

adjacent pits and mounds. For pits and mounds, the terrain slope also matters,
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as most of the determined potential locations of these forms were situated at gentle slopes.
(Fig. 6 in (Godziek and Pawlik, 2023)). This was partly confirmed by the statistical analysis of the
topography properties of the study plots (Tab. 2, Figs. 3S — 8S in (Godziek and Pawlik, 2023)).

Another issue is connected to the source data properties and preprocessing procedures.
Regarding the blowdown mapping, sites with damage smaller than the pixel size of the Sentinel-2
(10 m) cannot be detected. The spectral response of such sites is not clear, and blended with different
site properties, not linked to damage (for instance, standing living trees that survived the windstorm).
For root plates, the analysis of the impact of the point cloud density revealed that the detection rate
was the highest for point clouds with densities of 8 — 20 pts/m? (Fig. 7 in (Godziek, 2024)).
In the case of both root plates and pit-mound topography, the LiDAR ground points classification
is crucial. The exploration of different point clouds revealed, that the reflections from the root plates
and fallen tree stems are classified as low or medium vegetation (Godziek, 2024). The root plate
detection was also impacted by the presence of various understory objects “impermeable”
for the LiDAR laser beam, i.e., dense young conifers, fallen stems, and broken tree trunks. Moreover,
some root plates were eroded, pinned by tree stems, or overgrown by vegetation, which made
the detection and DM analysis task more complex (Tab. 3, Fig. 6 in (Godziek, 2024)).

The comparison between CVA-based windthrow mapping and the GFC data revealed that 1)
large blowdown areas (> 1 ha) were detected by both approaches, 2) CVA was better in detecting
small blowdowns with nearly all trees damaged (high damage intensity), 3) GFC was able to capture
the blowdown areas with lower damage intensity (with a significant number of undamaged trees),
uncaptured by CVA, and 4) both approaches were partly unsuccessful with detecting forest damages
of the size around 0.25 ha or smaller (Fig. 6 in (Godziek et al., 2025)). The blowdown area was
estimated to be 1,379.7 ha using CVA and 1,569 ha by using GFC data (Fig. 5 in (Godziek et al.,
2025)). The wind direction and speed analysis revealed that the windthrow triggering factor was
the Easterly wind blowing with maximal recorded speed of 30 m-s' through ca. 40 hours
on September 7 - 9, 2020 (Fig. 4 in (Godziek et al., 2025)). The blowdown area followed
the run of ridges and valleys, frequently occupying NE slopes (Fig. 5, Fig. 7 in (Godziek et al., 2025)).
The tree fall direction measured during the field survey was NW, W or SW, which confirms
the blowdown was triggered by the wind from the Eastern sector. The volumes of 60 measured root

plates ranged from 0.1 to 1.29 m? (Fig. 8 in (Godziek et al., 2025)).
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Discussion
Novelty and applications

The methods proposed in this thesis are novel in several aspects, which include: 1) proposing
the root plates and pit-mound topography mapping workflows based on LiDAR data, 2) developing
the techniques of single root plate volume estimation, based on LiDAR data, 3) implementing
the change vector analysis for the blowdown detection for the first time in North America, 4)
preparing scripts in R programming language to automate all the workflows, and 5) presenting
the detailed exploration and evaluation of factors affecting the quality of these methods outputs.
The presented environmental insights contribute to the fields of geomorphology, soil science,
and forest ecology through: 1) exploring and explaining the spatial distribution patterns of root plates
and pit-mound topography, 2) quantifying the biotransport driven by tree uprooting, and 3) providing
the analysis of the to-date unexplored 2020 wind event in the Colorado Front Range. The new original

results, together with their potential applications are presented in Table 1.
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Table 1. Summary of the novel results of this thesis and their potential applications.
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Abbreviations: CNT — contour lines, CVA — change vector analysis, drct — direction, FM — field measurements,
FPR — false positives rate, mgt — magnitude, LIDAR — Light Detection and Ranging, TPR — true positives rate,

7S — zonal statistics

The presented methods pose a valuable contribution to the application of remote sensing data

for studying the wind-induced forest disturbances and their geomorphic effects. To date, many studies

focused on windthrow mapping using optical (Einzmann et al., 2017; Dalponte et al., 2020), and radar

(SAR) data (Tanase et al., 2018; Lazecky et al., 2021). Our results on forest damage detection

are based on the first application of the RS and CVA approach for North American blowdowns.

The presented workflow can be further expanded and examined by testing for other study sites

in the Rocky Mts. and beyond. These results are of a high quality due to a very low share of false

positives, which enabled them to be used for environmental analysis. Although the study
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was performed for a limited area and for one blowdown event, future analyses can be expanded
to a greater number of windthrows. The root plate detection method is the first attempt to quantify
these landforms using RS, as previous studies in this field focused only on employing LiDAR data
to map logs of fallen and broken trees (Miicke et al., 2012; Nystrom et al., 2014; Joyce et al., 2019).
The achieved output is promising, but will be further improved by testing the workflow for new study
sites and by testing new ideas to reduce the number of artefacts.

Similarly, the study on the pit-mound topography detection is also the first attempt to map
these forms using detailed DTMs. Studies to-date on similar microforms have been focused on man-
made features, such as burial mounds and pitfall traps (Freeland et al., 2016; Trier et al., 2019;
Niculita, 2020). The only previous attempt to quantify pit-mound pairs was a theoretical analysis
basing on topographic roughness (Doane et al., 2021). The pit-mound topography mapping method
presented in this dissertation is used for individual form detection. For the first time, the author
proposes also the RS-based way to accurately estimate biotransport due to uprooting. Studies to-date
on this matter have been based on modeling (Constantine et al., 2012) or estimations for the entire
slopes (Doane et al., 2023). As based on a single landform detection, the methods developed
by the author support accurate modeling of soil biotransport and biomorphodynamics caused by high
winds. The examination of these processes at the level of single landforms provides high accuracy
output and may shed new light on the understanding of complex interactions between strong wind,
trees, and relief.

The application of the proposed methods include the following scientific disciplines: remote
sensing, forest ecology, geomorphology, soil science, and natural environment reconstruction, and
in the sectors of forestry and geotechnical engineering. Generally, these methods are complementary
to each other, and applying all of them for a given study area can provide complex information
on the present and past windthrow dynamics. Research perspectives include primarily the application
of these methods for larger areas. The analyses performed in the small mountain range scale would
shed new light on the relationships between wind, trees, and relief. Different potential factors
influencing these relations may be taken into account to find hidden patterns and connections. Adding
the volume calculation of root plates and pit-mound pairs positions would enable creating a map
of soil disturbances during a blowdown event. Such data may then be applied to investigate the factors
influencing blowdown-induced soil biotransport (hillslope biomorphodynamics). Potential factors
may include: topography (aspect, slope, etc.), wind direction and speed, soil and bedrock properties,
forest type, etc. To date, these methods have been applied only for spruce-dominated forests. As such,

they should be tested for non-spruce central European forests and for forests from different parts
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of the world to check the outputs and adjust the parameters to various conditions. A comparison of
potential outputs may offer new hints on the evolution of forest ecosystems under wind-driven
disturbances across the world.

Finally, the presented methods may be applied to investigate single windthrow events; such
research should be combined with the analysis of meteorological conditions, topography, and soil
disturbance effects. For the September 2020 event in the Colorado Front Range, the wind data
exploration revealed the significance of the wind direction for the blowdown formation, and led
to the conclusion that wind from atypical direction may be the main driver of forest damage. A similar
event, however associated with 10 times more damage area, occurred in the Rockies in 1997, and was
also associated with infrequent Easterly winds (Poulos et al., 2002; Kulakowski and Veblen, 2002).
A high rate of damaged stands within areas featuring the NE aspect confirmed the impact
of topography on the damage distribution. The study on root plates showed their different dimensions
and properties in comparison to the results from Europe. This discrepancy is due to a higher number
of tree species studied to date in the European context. However, it confirms the need of testing
the method for different environmental conditions all over the world. The author did not perform
the LiDAR data analysis for the Rocky Mts., as 1) the main aim of the study was to test the CVA
approach, and 2) in the U.S., the LIDAR data access is restricted. However, there is a perspective
for future studies with employing the point clouds for the Rocky Mts. and testing various aspects

of this dissertation for environmental conditions that differ from those from the Western Carpathians.

Challenges

The development of each method faced similar difficulties and challenges, which included: 1)
dealing with false positives, 2) managing the data quality and preprocessing issues, 3) applying
various validation strategies, and 4) handling with the impact of different environmental properties
and processes.

In the case of each detection workflow, choosing the parameters lowering the false positives
rate as much as possible was crucial, because the desired end-use applications of the proposed
methods include drawing environmental conclusions basing on the outputs. False positives are
an important problem in RS-based detection (Forbes, 1995), and therefore even a small drop
in the FPR is valuable for mapping purposes. The easiest solution to deal with a too high false positive
rate is to use a semi- automated approach based on 1) running the detection algorithm,
and then 2) assessing the results by “on-screen’ analysis of landform shapes or comparison with other
RS data (e.g., ortophotomaps or DTM-derived metrics and topographical indexes). The disadvantage

of such approach is the need for evaluating all detection results, which may be time-consuming
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in the case of mapping large areas. The alternative could be inventing and implementing other
detection algorithms, e.g., based on artificial intelligence, machine learning or pattern recognition;
these methodologies have already been applied for similar tasks (Hansen et al., 2013; Trier et al.,
2019). However, with the current computing technology development level the author assumes
that any method could produce false positives affecting results quality. Therefore, to drive the valid
environmental conclusions basing on the method output, there is a need for assessing the obtained
results by an expert in a given field of study.

Regarding the data quality and preprocessing, optical satellite imagery analysis for blowdown
mapping faces the issues of atmospheric corrections, shadows, and cloud masking. The author used
the Sentinel images at the level 2A, which are already corrected to the bottom of the atmosphere
reflectance by the data provider (ESA, 2024). For the selected study area (Rocky Mts., Colorado),
the author was able to find pre- and post-event images with the cloudiness below 10%, for which
clouds occupied a very small part of the mapping area and could be masked manually using GIS tools.
However, for other study areas the cloud masking may be a critical issue impacting the mapping
accuracy. The data resolution also matters for windthrow mapping, as the lower resolution
(e.g., 10 m, 30 m) disables detecting small-size blowdown patches. Hence, the output of the mapping
based on the satellite data presents some level of generalizability of a given disturbance event extent,
which can be the advantage or disadvantage depending on the study aim. However, knowing the data
limitations, the author acknowledges here that this cutting-edge technology has already pushed
forward many aspects of environmental studies. Similarly, the input LiDAR data quality affect
the detection of pit-mound topography and root plates. The results have shown that the root plates
detection is not possible for point clouds with densities below 8 pts. / m? (Fig. 7 in (Godziek, 2024)).
The laser scanning results vary also depending on the leaf-oftf / leaf-on season (Moudry et al., 2019),
which may affect the possibility of detection in areas with dense understory vegetation — hence, using
data acquired in leaf-off season is recommended. In the case of pit-mound topography, LiDAR ground
points classification is the most crucial to avoid false positives related to misclassified reflections.
Such classification may be difficult for the areas covered by dense vegetation. Different algorithms
may be applied, such as progressive morphological filter (Zhang et al., 2003) or cloth simulation
function (Zhang et al., 2016b). The way to eliminate the potential ground reflections classification
errors would be 1) a visual inspection of the classified point cloud, and 2) using the validation data
acquired in the field.

The validation strategies are the key for evaluating the performance of the proposed methods
and each applied strategy has its advantages and disadvantages. For windthrow detection,
placing the points randomly ensures the valid representation of the ground-truth information across

the entire mapping area. However, even when setting the minimum distance between points to 20 m,
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the information from some parts of the terrain may be underrepresented. There is also a problem
of “blowdown” / “no-blowdown” class balance. As the majority of points belong
to the “no-blowdown” class, the number of points has to be sufficient to ensure the “blowdown” class
is well represented and high enough to validate the results. The blowdown patch size should be
also taken into account during the attribution of the class (damage / no damage) to the validation
points, because using the 10 m resolution imagery disables the detection of the wind damage area
smaller than 100 m?. Hence, while attributing the class to the validation point, the assessment
of the RS image should be done for point buffer representing the pixel size of this image. Considering
the root plates detection method, field mapping of all desired objects within a study plot is one
of the key steps. In addition, re-validation (by the field inspection) of the obtained modelling results
is quite important as it provides valuable insights into potential causes of artefacts occurrence. The
root plate dimension measurements must follow the adopted scheme and measurement rules
in all cases to ensure data consistency and effective validation of the results. For pit-mound
topography, manual labeling of landforms based on the DTM derivatives must be based on confidence
that all marked landforms are pit-mound pairs of windthrow origin. Conducting the studies
in protected forests undisturbed by recent human activity ensures the natural origin of the investigated
forms. Due to the unique and specific shape of pit-mound pairs produced by the tree uprooting
process, the field validation is frequently not necessary. Also, in many cases the field inspection
is not possible due to the area inaccessibility or due to formal restrictions. The detailed guidelines
with the criteria for landforms to be included in the validation dataset could be produced
basing on the experiences acquired during the DTM-derived raster data exploration.

Many outcomes and spatial representations of natural phenomena and features can be difficult
to label and classify, as there are many intermediate states of their superficial forms. When dividing
pixels into “blowdown” or “no blowdown” classes, there are areas with different damage intensities,
and in case of binary classification (0-1) the threshold for the windthrow class for magnitude
and direction rasters has to be somehow defined. This threshold must be a kind of compromise
between the rates of correct and wrong detections (considering false negatives and false positives).
For producing maps, the binary classification is essential in many cases. However, blowdown could
be also mapped by non-binary classification by attributing the pixels with the amount of change,
which is related to windthrow intensity (Dalponte et al., 2020). Such an approach may be more
efficient for detecting small-scale damages and for acquiring a more accurate point of view.
Regarding the root plates and pit-mound topography, the erosion and denudation processes
are the main drivers of the variability of landform shapes (Schaetzl et al., 1990; Pawlik, 2013).
Newly uprooted trees produce sharp, steep, and clearly recognizable root plates. Their height

is subsequently lowered due to erosion (deterioration) as the soil material falls of and slips off and
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tree trunk decomposes. Finally, they can be overgrown and transform into a pit-and-mound pair
(Samonil et al., 2010). Hence, the shape of a pit-mound pair is a derivative of the shape of a root plate,
which is controlled primarily by tree-related factors (tree species and size) and by soil and bedrock
properties. In addition, slope angle and the tree fall direction are important; for the downslope
uprooting, the pit is clearly visible, and for the upslope uprooting, the root plate frequently rotates
and slides into the pit (Samonil et al., 2020). Also, root plates may be overgrown by vegetation (small
trees, bushes) and hit by a neighboring tree stem that fell on it. Due to all these factors, shapes of root
plates and pit-mound pairs may differ significantly, and it can pose difficulties in the detection
process.

The way to handle this problem is to adjust the methods for detecting the “standard-shape”
forms. Landforms with “non-standard” shapes could require further development of the presented
methods; it may include extending the methods to 1) root plates (root balls) of deeply-rooted species
(e.g., pines and beeches), and 2) pit-mound pairs related to upslope uprooting. Quantifying the volume
of soil displaced during the windthrow event would be important to assess the geomorphic impact
of wind-driven disturbances on slopes (Pawlik, 2013). The results of volume estimation for root plates
using LiDAR-derived differential model are valid, as their values fit within the range of published
root plate volume estimations (Dabrowska, 2009; Richards et al., 2011; Rojan, 2012;
Strzyzowski et al., 2018).

The meaningful volume differences between the three approaches (ZS > CNT > FM) suggest
the methodological factors influencing the final results. There are also issues related to the root plate
shape, e.g., the formation of overhang with an empty space underneath at the site opposite the fallen
tree trunk. For such cases it increases the computed root plate volume. The equation applied
in the FM approach is considered a close approximation of the root plate volume. However, to find
which approach is the most accurate, root plate volumes should be investigated with more accurate
tools, such as terrestrial laser scanning (TLS) or structure from motion (SfM). Then, such results
could be compared with the estimations based on ZS, CNT and FM. This would allow to discover
which approach is the most accurate and reliable in approximating the root plate volume.

The accuracy of all the workflows is the derivative of all above-described issues and applied
method’s parameters, such as satellite image bands, filtering thresholds, indices used for filtering,
contour line intervals, data spatial resolution, etc. In addition, the main aims of these workflows
automation was primarily 1) their practical applications in a wider spatial and temporal scale
(e.g., the scale of the mountain ranges) to improve understanding of windthrows and related
geomorphic processes, and 2) the possibility of fostering the research replicability by sharing the
source code. All scripts were written using R programming language, however with present Al tools

they can be translated to any other programming language providing the necessary functionalities.
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Conclusions

The author invented, developed, and tested workflows for automatic detection of root plates of
fallen trees and pit-mound topography. A detailed study was also carried out on employing the change
vector analysis approach for blowdown mapping. The environmental aspect of the thesis included
an investigation on spatial distribution patterns of root plates and pit-mound topography, detailed
estimation of the amount of soil-rock material transported by tree uprooting (i.e., biotransport),
and an examination of the 2020 blowdown in the Colorado Front Range. All the results are
complementary, and their conclusions could be used in the future to foster the understanding
of complex interplays between wind, trees, and relief. Automation proposed in R programming
language is an additional value of the thesis, facilitating performing the analysis for larger areas.
The dissertation presents new contribution to the fields of remote sensing, geomorphology, and forest

ecology.
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ABSTRACT

Wind disturbance (blowdown, windthrow) results from particular meteorological conditions, where wind gust speed is a key fac-
tor. We map and analyze the 2020 blowdown in the Colorado Front Range (CFR), US. We (1) develop and test a tunable blowdown
mapping workflow based on Sentinel 2 data and change vector analysis (CVA) and compare its output with the Global Forest
Change (GFC) data, (2) explore soil disturbance patterns, and (3) analyze the impact of topography on blowdown occurrence. The

CVA mapping is based on (1) the difference image computed using post- and pre-event images and (2) the parameters calculated

using two bands of the difference image: magnitude representing the amount of change and direction referring to the type of

change. The methodology is tunable for desired error characteristics, for example, true positive vs. false positive rates. For our test
analysis, we balanced the CVA output and GFC data at a true positive rate (TPR) of 66%—-67%, with a false positive rate (FPR) of
0.9% and 3%, respectively. The CVA can be adjusted to achieve a TPR up to 88.7%, which increases the FPR to 17.8%. In our test
landscape, the blowdown led to soil disturbances, with root plate volumes of 0.1-0.8 m?.

1 | Introduction

Wind is one of the most frequent drivers of forest disturbance
(Mitchell 2013; Gardiner 2021). Fire, snow, drought, tree dis-
eases, and insect outbreaks can act synergistically with wind
(Seidl et al. 2011; Sommerfeld et al. 2018) in various forest re-
gions leading to landscape changes and, in some cases, land deg-
radation (Sturtevant and Fortin 2021; Urquiza-Haas et al. 2007;
Thom et al. 2013). The overall disturbance regime is the cumu-
lative effect of many interacting and independent disturbance
processes (Buma 2015; Denman et al. 2022). Wind, drought,
fire, and insect outbreaks are the main disturbance processes
in most temperate forests (Senf and Seidl 2021; Tran et al. 2020;
Velasco Hererra et al. 2022). Wind damage influences future

© 2025 John Wiley & Sons Ltd.

disturbances as, for instance, insect outbreaks are more likely to
occur in areas affected by strong wind (Baker and Veblen 1990).
Blown-down trees can increase subsequent fire severity
(Kulakowski and Veblen 2007). Therefore, understanding wind
disturbance occurrence, location, and severity is crucial to grasp
the processes of forest ecosystem recovery and transformation
(Everham and Brokaw 1996).

Wind disturbance (hereafter blowdowns or windthrows) dis-
tribution is controlled by multiple biotic and abiotic factors.
Blowdown originates during particular meteorological condi-
tions, where wind gust speed is a key factor (Mitchell 2013). This
overall weather pattern then interacts with topography to con-
trol localized wind speed. Tree susceptibility to blowdown for
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a given wind speed is then controlled by abiotic factors like soil
moisture, soil depth, and bedrock condition, which influence
root strength (Mayer et al. 2005; Kenderes et al. 2007). Biotic fac-
tors influencing windthrows include stand density, tree species
and height, the proportion of stem with/without branches, and
stand health (Bzowski and Dziewolski 1973; Dobbertin 2002).
Diseased trees might be more prone to damage by wind than
healthy trees (Havasova et al. 2017).

Windthrows, common in mountainous subalpine forests
around the world (Jenkins 1995; Martin and Ogden 2006;
Zielonka et al. 2010; Meng et al. 2015; Iwamoto et al. 2018;
Ilies et al. 2022; Dalponte et al. 2023), have been rarely studied
in the Rocky Mountains (Meyers et al. 2003; Momodu 2019;
Wohl 2013). In the Rockies, forest disturbance research
mostly focuses on wildfires and wildfire history (e.g.,
(Henderson et al. 2005; Rother and Veblen 2016; Calder and
Shuman 2017)), insect outbreaks (e.g., (Vorster et al. 2017; Ye
et al. 2021)) and drought (e.g., (Bigler et al. 2007)). However,
in these mountains, small windthrows (with area of 0.2 to sev-
eral hectares) occur relatively frequently (Veblen et al. 1991).
Storms do sporadically cause broad-scale, stand-replacement
blowdowns, especially in the high-elevation subalpine forests
(Alexander 1964; Meyers et al. 2003; Veblen et al. 1989). These
events are infrequent, but due to the significant scale of dam-
ages, they can have a meaningful influence on forest structure
and functioning (Veblen 2000).

There are a few examples of well-studied blowdowns in the
Rocky Mountains. For example, a 1987 tornado damaged
6000ha of forest in the Teton and Yellowstone, northwestern
Wyoming (Fujita 1989; Knight 1994). Several studies investi-
gated the October 24-26th 1997 blowdown in the Park Range,
northwestern Colorado, when unexpectedly strong easterly
winds (speed above 200km-h™') damaged over 10,000ha of
forest on the western slopes (Lindemann and Baker 2001;
Kulakowski and Veblen 2002; Poulos et al. 2002; Meyers
et al. 2003). The relationship between wind speed, topogra-
phy, and windthrow has been studied in the Canadian Rocky
Mountains (Momodu 2019). Landsat imagery was used to map
small-scale forest disturbances caused by insects for two areas in
Colorado (Ye et al. 2021). Small windthrow patches were studied
for their impact on forest carbon distribution (Wohl 2013), and
subsequently, post-blowdown channel logjams were studied in
the context of hydrological impacts of blowdown (Wohl 2022).
However, compared to fire or insects, relatively little is known
about the context and direct impacts of blowdown in the Rocky
Mountains.

One documented consequence of forest blowdowns in
other regions is soil disturbance by tree uprooting (Samonil
et al. 2017) conditioned by the architecture of the root system,
soil type, and the level of soil and bedrock saturation (Byrne
and Mitchell 2007). In dry soils, for example, trees are more
likely to snap, which causes mortality but does not disturb
the soil to the same extent. Uprooting influences soil pro-
cesses, soil erosion, and the slope microtopography (Samonil
et al. 2010; Pawlik 2013). Uprooting results in intact (or semi-
intact) root systems exposed above the soil, along with soil and
rock pieces entangled in the roots (Schaetzl et al. 1990). These
mounds, along with the hole where the roots were once located,

erode over time and eventually form what is known as “pit-
mound topography” (Ulanova 2000; Doane et al. 2021) which
may be used as an indicator of past windthrows (Schaetzl
et al. 1989; Godziek and Pawlik 2023). In some regions, the
mounds can take up to 6000 years before their complete disap-
pearance (treethrow mound flattening, and treethrow pit in-
filling), for example, in Michigan, USA (Samonil et al. 2013).
This is important ecologically and biophysically—the pits and
mounds form distinct micro-landscapes. The pits are typically
wetter, the mounds drier, and they can support unique eco-
logical communities. Pit-mound topography is also relevant
to disturbance detection and mapping, as the upturned soil
also impacts reflectance values and thus the appearance of the
landscape on remote sensing imagery.

The location and severity of disturbances are key to under-
standing their prevalence and impact. Remote sensing (RS)
data are invaluable for forest disturbance research. Validation
and evaluation are crucial for the output reliability. RS data
are frequently used to map forest disturbances (Hansen
et al. 2013; Potapov et al. 2015), including blowdowns (Forzieri
et al. 2020; Dalponte et al. 2020, 2023; Lazecky et al. 2021).
Errors are quantified during that process and reported to help
interpret the results. For example, the Global Forest Change
(GFC) data (30-m horizontal resolution, Hansen et al. 2013)
based on Landsat imagery identify the location and year of
occurrence of forest damage globally. However, because it is
a global algorithm designed and validated at global scales, it
cannot be tailored for specific locations or events or for spe-
cific error characteristics (e.g., commission vs. omission er-
rors). Evaluating new disturbance mapping workflows based
on different RS data and alternative methodologies is import-
ant for improving detection accuracy, building products more
useful at local scales, and assessing the reliability of the al-
ready published data.

Newly occurring disturbances need to be investigated in terms
of their origin, extent, and consequences to enhance their full
understanding. For this study, the GFC data indicated the pres-
ence of a 2020 damage event in the Colorado Front Range (CFR),
on the western side of the Continental Divide. Using high reso-
lution RS data (U.S. Department of Agriculture 2024), we iden-
tified the damage as a blowdown. To both better understand
the soil impacts of blowdowns and test a new flexibility meth-
odology for RS mapping of disturbances, we mapped the blow-
down and conducted a targeted field survey of soil impacts. The
CVA-based mapping has not yet been applied for windthrows
in North America nor compared to global products, such as
GFC data. Such an approach can be valuable for both accurate
mapping and further development of existing RS data classifi-
cation algorithms. Investigating for the first time the 2020 CFR
blowdown may also shed new light on the present wind-driven
forest damages, especially in terms of damage-initiating wind
event characteristics, relief impact, and blowdown-induced soil
disturbance. Therefore, in this study we (1) identify the meteo-
rological conditions which caused a large blowdown in the CFR,
(2) develop a blowdown mapping workflow based on Sentinel 2
data and compare this workflow with the GFC product, (3) im-
prove the understanding of the influence of topography on blow-
downs, and (4) explore the relationship between soil disturbance
and tree size for this blowdown.
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2 | Materials and Methods
2.1 | Study Area

The area of interest (AOI) is a 9 X 29 km region (39.80° N, 105.77°
W and 40.06° N, 105.67° W) located in the Colorado Front Range,
south of Rocky Mountain National Park and north of Berthoud
Pass (max elevation: 4083 m; Figure 1). The AOI location was
determined to fully encompass the blowdown region. The blow-
down mapping was performed for subalpine forest growing on
the western side of the Continental Divide, bounded by the AOI
extent and the upper treeline (Figure 1). Forested areas cover
160.6 km? of the region, at an altitude of 2600-3600 m a.s.1. Using
the Koppen climate classification, the climate is Subarctic (Dfc)
in the higher elevation, and warm-summer humid continental
(Dfb) in the lower elevation (PRISM 2024). Prevailing winds are

westerly. Forest stands are mixed, dominated by Engelmann
spruce (Picea engelmannii Parry ex. Engelm.) and lodgepole pine
(Pinus contorta var. latifolia Douglas C. Lawson). A mountain
pine beetle (Dendroctonous ponderosae) outbreak occurred in
the nearby forests in the years 2002-2012 (Tishmack et al. 2005;
Lester 2020). The AOI is also affected by wildfires, for example,
the 2023 Devil's Thumb wildfire (NIFC 2024).

2.2 | Methods
2.2.1 | Windthrow Event Analysis
For the initial disturbance event analysis, we used the Global

Forest Change data (version 1.10; Hansen et al. 2013). This dataset
(2000 to present) is based on 30-m Landsat imagery and is updated
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yearly. This indicated a disturbance formation in 2020, but not the
specific time, date, or cause. The cause (wind—blowdown) and
the year of disturbance were confirmed using detailed orthopho-
tomaps for the years 2019, 2021, and 2023 with a spatial resolution
of 0.3m or 0.6m obtained from the National Agriculture Imagery
Program (NAIP) (U.S. Department of Agriculture 2024). In the
second step, the time of possible blowdown occurrence was nar-
rowed to several days by exploring the Sentinel 2 Multispectral
Instrument (MSI) satellite imagery provided by the European
Space Agency (ESA) (European Space Agency (ESA) 2024). To
find the particular date and time and explore wind conditions of
the disturbance event, in the third step, we analyzed the mete-
orological data provided by the ski station Winter Park (Winter
Park 2024). The data were acquired at Lunch Rock automatic
meteorological station (39.858667° N, 105.7725° W) situated at an
altitude of 3420 ma.s.1,, slightly below the tree line. We focused es-
pecially on wind parameters (mean speed, gust speed, direction),
measured at a 20-min time interval.

2.2.2 | Windthrow Mapping

We mapped the Colorado Front Range 2020 blowdown using the
change detection between pre- and post-event images (Dalponte

etal. 2020). We used two Sentinel 2 MSI images (European Space
Agency (ESA) 2024), acquired during the same vegetation sea-
son on July 10th (pre-event image in 2020 and post-event image
in 2021), to avoid the influence of the seasonality-related vege-
tation spectral response changes (Figure 2). We checked for ad-
ditional blowdown between the dates of the pre- and post-event
images and confirmed there were no further blowdowns nor
other major changes to confound the analysis. We downloaded
the images using R (rsi library) (Mahoney 2024). Each image
consisted of 12 spectral bands. The analysis was performed at
a 10-m spatial resolution. Bands 2, 3, 4, and 5 were available at
this resolution, while all other bands were resampled from the
20- and 60-m resolution.

To map the blowdown, we built on the change vector analysis
(CVA) method (Solano Correa et al. 2014; Zanetti et al. 2015).
Rather than simply noting change, this method quantifies
change using a vector composed of two components: direc-
tion/angle (dir) and magnitude (mgt). The direction (angle)
component is derived from relative change between the
brightness of the multiple, individual bands (e.g., a scene may
shift more green with a reduction in some bands and bright-
ening in others). This is interpreted as information on the type
of change that occurred as a result of the disturbance (e.g.,
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a wildfire, windthrow, insect outbreak, etc.). The magnitude
component explains the amount of change on the continuous
scale (Bovolo and Bruzzone 2007; Solano-Correa et al. 2019),
and refers to the amount of change seen along the vector (e.g,
the amount of greening, or the amount of browning, etc.). This
is interpreted as the magnitude of change as a result of the
disturbance.

The CVA method has been used for different kinds of RS data anal-
ysis (Roemer et al. 2010; Singh and Talwar 2014), including wind-
throws (Wang and Xu 2010; Dalponte et al. 2023). This method is
well-suited for exploring single disturbance events, as it is based on
the analysis of pre- and post-event images. CVA can achieve high
accuracy when analyzing the images from the same vegetation
period (e.g., acquired with an 1-year interval) to ensure the great-
est possible similarity of pixel values for areas where land cover
changes have not occurred (Dalponte et al. 2020). One advantage
of the CVA technique over global methods like the GFC data is the
ability to specify which two dates are used for the change analysis.
We selected the CVA method and Sentinel 2 optical data to study
the 2020 CFR blowdown, as the change detection approach is well-
suited for exploring the single, large-scale disturbance events, and
optical data are widely available for Colorado due to the low cloud-
iness. We aimed at testing and improving the CVA-based approach
for blowdowns (Dalponte et al. 2020).

For validation, we used the NAIP orthophotomaps. Within the
blowdown mapping area, we randomly located 780 validation
points using the random points inside polygons tool in QGIS3
(QGIS Development Team 2024). This tool places each random
point independently, and there is the same likelihood of choos-
ing any location in the polygon. To reduce clustering and pro-
vide a more even distribution of points across the mapping area,
we set the minimum distance between points to 20 m. We man-
ually labeled each point as “blowdown” or “no blowdown” using
the high-resolution NAIP photoimagery.

To apply the CVA method, several processing steps were re-
quired (Figure 2). The Sentinel 2 images were downloaded at
the level 2A (bottom of atmosphere reflectance), so no further
radiometric nor atmospheric corrections were applied. We nor-
malized both Sentinel 2 images to the range 0-1, as the normal-
ization was noticed to enhance the detection of small-magnitude
changes (Johnson and Kasischke 1998). To analyze only changes
in forests, both images were clipped to the forest extent using the
GFC treecover raster (representing the tree cover for year 2000).
Then we calculated the multispectral difference image (DIFF)
as follows:

DIFF = post_IM — pre_IM (€))]
where:
DIFF - difference image,
post_IM - post-event image,
pre_IM - pre-event image.

The DIFF image consisting of 12 bands was a basis for com-
putation of direction and magnitude rasters. The CVA method

assumes the possibility of drct and mgt calculation for N-
dimensional space (where a single dimension is considered
as single DIFF band) (Solano-Correa et al. 2019; Dalponte
et al. 2020). However, using two dimensions is recommended
when detecting only one type of change and due to the sim-
plicity and usability (Dalponte et al. 2020). Hence, we used
two DIFF bands for each drct and mgt computation. The direc-
tion and magnitude rasters are calculated using the following
equations:

dret = atan2 (B, /B,) ©)

mgt = sqrt (B, + B,?) €)
where:
drct—direction,
mgt—magnitude,
B,—first band applied for computation,
B,—second band applied for computation.

Direction is initially computed in radians, and then converted to
degrees on the interval 0-360. The pixels of the output direction
and magnitude rasters were divided into blowdown/no blow-
down classes using threshold values. However, this still leaves
two significant questions:

1. How does band choice influence calculated direction and
magnitude?

2. How does threshold choice influence mapping (and error
in mapping) of the blowdown area?

We explored all possible variants of DIFF band pairs and
thresholds. There were 66 possible combinations of DIFF
band pairs, and hence, 66 possible drct and mgt rasters. To
explore how band choice influences mapping error and accu-
racy, we took several steps: for each raster we (1) extracted
maximal and minimal values, (2) tested the thresholds using
the step of 0.1, for example, 0.1, 0.2, 0.3, etc. We classified all
pixels higher than a given mgt threshold as a blowdown. For
the mgt we did not use the upper threshold, as the data explo-
ration showed that there is no need of doing so. In the case of
direction, we computed the histogram and extracted the in-
formation about the intervals where most of the drct values
occurred (freq_dir). Then, for the freq_drct we reclassified
the direction raster using the classification intervals. Each of
these intervals had an amplitude of 7, and the step between
intervals was 1, for example, 1-7, 2-8, 3-9, etc. If the pixels
were within the given classification interval, they were clas-
sified as a blowdown. We compared each classification out-
put with the validation points based on NAIP data. For each
case, we computed the number of true positives (TP), false
positives (FP), false negatives (FN) and true negatives (TN)
and calculated the true positives rate (TPR) and false positives
rate (FPR). For both drct and mgt, we compared the results
on the TPR-FPR plot and selected the cases with the possibly
highest TPR and possibly lowest FPR. For simplicity, we show
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TABLE 1 | The true positive and false positive rates for CVA
approach (based on Sentinel 2) and GFC data (based on Landsat).

True False
CVA approach + parameters positive positive
/ GFC data rate (%) rate (%)
CVA output raster—bands: 11 66.04 0.89
and 12; 40 <drct<47; mgt >0.1
CVA; bands: 11 and 12; mgt 72.64 2.97
>0.1
CVA; bands: 10 and 12; mgt 75.47 5.79
>0.1
CVA; bands: 5 and 12; 88.68 17.80
mgt>0.05
CVA; bands: 6 and 12; mgt>0.1 65.09 1.93
CVA; bands: 3 and 4; 64.15 3.86
48 <drct< 55
GFC data 66.98 2.97

Abbreviations: drct, direction; mgt, magnitude.

only cases with TPR >60% and FPR <20% (Figure 3). Visual
inspection of the output rasters indicated that the mgt is bet-
ter in accurate delineation of blowdown patches borders than
the drct. Hence, based on the TPR-FPR plot for magnitude, we
selected the mgt thresholds with TPR of 72.64% and FPR of
2.97%, that is, bands 11 and 12, mgt > 0.1 (Figure 3, Table 1).
We chose this mgt output as it has the highest TPR of the out-
puts with a low FPR (< 4%). As we wanted to consider the drct
in the final mapping output, we selected the direction thresh-
olds having the lowest FPR for the same bands (11 and 12),
that is, 40 <drct <47 (Figure 3, Table 1). Obtaining the band

pairs and thresholds in that way, we created the output CVA
blowdown map by adding the reclassified drct and mgt rasters
and extracting only pixels satisfying simultaneously the con-
ditions for drct and mgt. The windthrow mask was vectorized
and its boundaries were simplified and smoothed (Figure 2).
We applied a high-pass filter by computing the polygons area
and deleting all polygons with an area smaller than the 3rd
quantile of area. To provide possibly the highest accuracy, we
compared the resulting blowdown mask with the NAIP ortho-
photomap and deleted several dozen of small polygons not re-
lated to the blowdown. Then, we converted the data to raster,
labeling pixel values as 2 (blowdown) and 0 (no blowdown).
We compared the CVA blowdown raster with the validation
points and computed the TPR and FPR. These processes were
automated in R (R Core Team 2024).

We compared the final CVA blowdown mapping raster with
the Global Forest Change forest cover loss data version 1.10
(Hansen et al. 2013). These data are updated yearly since
2012. GFC version 1.10 provides information about the year
of the forest cover loss, where the pixels are encoded as 0 (no
loss) or 1-22 to label the forest cover loss detected in years
2001-2022, respectively. We were interested only in forest
cover loss that occurred in 2020. The visual analysis of the
GFC data and comparison with Sentinel data indicated most
of the pixels representing the forest cover loss due to the 2020
blowdown were labelled as 21, and some as 20 on the GFC
forest cover loss raster. Hence, we created the GFC damage
raster by reclassifying the pixel values of 21 and 20 to 1 (dam-
age), and the rest of the pixels to 0 (no damage). We resampled
this raster to 10m resolution using QGIS and bilinear inter-
polation for consistency with CVA. We evaluated the GFC
damage raster using validation points and calculated the TPR
and FPR. To compare the CVA and GFC output rasters, we
created the comparison raster by adding them. The values of
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the comparison raster represented damages detected by both
CVA and GFC (3), only by CVA (2), only by GFC (1) and no de-
tected or without damage (0). We calculated the area occupied
by each class, together with its percentage share (where 100%
was the mapping area) (Figure 5).

2.2.3 | Terrain Analysis

For the terrain analysis, we considered three basic variables:
elevation, slope, and aspect. We used the digital terrain model
(DTM) with the 1-m spatial resolution provided by the United
States Geological Survey (USGS 2024). The DTM was resampled
to a 10-m resolution. We divided the entire mapping area into
“blowdown” and “no blowdown” areas using the windthrow
extent obtained in the mapping procedure. For these two areas,
we presented the distribution of values of each analyzed vari-
able using density plots. For slope and aspect, we calculated the
statistical significance of differences between “blowdown” and
“no blowdown” class. Due to the lack of normal distribution,
we used the nonparametric Kruskal-Wallis test (Hollander and
Wolfe 1973). The p value level was set to 0.05. To reduce the po-
tential bias caused by the larger extent of “no blowdown” area
(e.g., low elevation valleys), we took into consideration only the
area located within 300m from blowdown patch boundaries.
In the case of elevation, which was similar between blowdown
and non-blowdown points as a result of the above procedure,
we present the descriptive statistics for “blowdown” and “no
blowdown.”

2.2.4 | Soil Disturbance Exploration

To quantify the relationship between soil disturbance and
blowdown magnitude, we focused on tree size (DBH) and vol-
ume of soil disturbed. The field survey was carried out on only
the road-accessible area of the blowdown area (9.4 ha patch)
located in the central part of the AOI, at an altitude of 3070-
3120m a.s.l (Figure 1, Figure 8). We randomly selected 5-m
radius plots, enough to encompass approximately 15 blown
down mature trees per plot. We measured several parameters
of the uprooted trees, that is, the tree fall direction, the diam-
eter at breast height (DBH) and the root plate size. We mea-
sured three dimensions of each root plate (height, width, and
depth), using the methodology described in (Godziek 2024).
If a root plate was connected to multiple trees (e.g., neighbor-
ing trees fell together), we summed the basal areas of these
trees. Because the sites could not be placed randomly within
the blowdown extent due to accessibility, this data is illustra-
tive only, and should not be considered a representative of the
entire blowdown event.

3 | Results
3.1 | Windthrow Event Analysis
Sentinel data identified the September 3rd-September 13th,

2020 date range as the time of the event (clear before-after
disturbance) (Figure 4). The analysis of the wind data
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from the Lunch Rock station showed that the highest wind
speeds were recorded for the period between September 7th,
6:00 pm and September 9th, 8:00am, that is, 40h. During half
of that period, the mean wind speed was above 14 m-s~!, and
only for 1/10 of time was the mean wind speed below 5m-s~!
(Figure 4); most of this period the wind gusts were above
20m-s~L. For the entire period, the wind was blowing from the
east. The highest wind speed was measured on September 8th
at 5:40am, reaching 23 m-s~! with gusts to 30m-s~!. Hence,
the forest damage was caused by the strong wind event on
September 7th, 8th, and 9th. High wind speed was associ-
ated with the passage of the cold front through Colorado on
September 8th, 2020 (BoulderCAST Team 2024). The NAIP
orthomap after that date clearly showed blowdown, with large
areas of parallel fallen trees and no sign of any other distur-
bance agent.

3.2 | Windthrow Mapping

For the analysis of the TPR-FPR plots, we selected the cases with
TPR>60% and FPR <20%, that is, 28 cases for magnitude and

21 cases for direction (Figure 3). To create the final CVA output
blowdown raster, we used the bands 11 and 12 (short wave infra-
red), together with 40 < drct <47 and mgt > 0.1. This CVA output
estimated the blowdown area to be 1379.7 ha, that is, 8.6% of the
mapping area. The GFC data assessed the forest cover loss area
to be 1569.8ha (9.8% of the mapping area). The damage area de-
tected by both CVA and GFC covered 1183.5ha, approximately
7.4% of the mapping area (Figure 5).

We primarily focus on bands 11 and 12, as it was the best for
mapping the blowdown extent (above). The TPR was nearly
identical for both CVA output raster and GFC data (66%-67%),
but the FPR was much lower for CVA output raster (0.89%)
in comparison to GFC data (2.97%) (Table 1). In the case of
the CVA technique, the TPR and FPR differed for selected
band pairs and mgt and drct thresholds (Figure 3, Table 1).
For the same input parameters as the CVA output raster, but
without the drct, the TPR increased to 72.6%, with FPR of
2.7%. Generally, better results were obtained when using the
magnitude parameter only, without the direction parameter
(Figure 3, Table 1). The higher TPR (88.7%) was accompanied
by a higher FPR (17.8%) for bands 5 and 12, and mgt > 0.05. The
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CVA technique was also able to obtain a similar TPR (65.1%,
64.2%) to GFC data, when using only magnitude or only direc-
tion (Table 1).

Blowdown patches generally followed the run of the valleys
and ridges descending from the Continental Divide, that is, SE—-
NW. Large blowdown patches were also situated in the south-
ern part of the mapping area (Figures 1 and 5). In the northern
part of the mapping area, the patches were smaller and more
dispersed (Figure 5). Within the mapping area, there were for-
est damage patches detected by both CVA and GFC, only by
CVA, only by GFC, and by neither (Figure 6). Large patches
were easily detected by both approaches. CVA was better at ex-
tracting the location of small patches with intensive damage.
GFC indicated the location of patches with lower damage in-
tensity, with numerous standing trees and a lower amount of
fallen logs. We did note that some disturbance patches detected
only by GFC were also related to other changes, for example, to
house construction. Small patches, with dispersed fallen logs,
standing healthy trees, and previous changes presumably re-
lated to beetle activity, were not always detected by GFC nor
CVA (Figure 6).

3.3 | Terrain Analysis

For all three analyzed relief-related variables, there were
differences in the distribution of their values for blowdown
and no blowdown areas (Figure 7). Most of the blowdown
patches occurred within the altitude interval of 3000-3300m

a.s.l, with the highest concentration within 3170-3250ma.s.l.
Not damaged forests were dominant at the altitudes below
3000ma.s.l. and above 3350ma.s.l. The descriptive statistics
revealed the 1st qu., median, and the 3rd qu. were higher for
blowdowns (3053, 3156, and 3239 ma.s.l.) than for not dam-
aged forests (2952, 3098, and 3222ma.s.l.). The distribution
of slope for blowdown and no blowdown areas was similar,
which was confirmed by the lack of statistical significance
with p=0.098. For aspect, there were significant differences
between blowdown and no blowdown areas, with p <0.0001.
Blowdown patches frequently occupied North-eastern slopes,
within the exposition azimuth range of 15°-50°. Blowdown
areas were also quite frequent on North and Northwestern
slopes (Figure 7).

3.4 | Fieldwork and Soil Disturbance

Fieldwork was located in the main accessible stand, which
experienced nearly 100% mortality and contained dispersed
snags and rare occurring living trees (Figure 8). Species in-
cluded both Engelmann spruce and lodgepole pine. Most of
the trees were uprooted (Figure 8A-C); however, some were
snapped. Other blowdown patches were clearly visible from
the Winter Park-Rollins Pass road (Figure 8D,E), as well as
from Hwy 40 (Figure 8F). We measured 60 root plates, of
which five were created by the fall of two trees, and three by
three trees. Most of the measured root plates had a volume
of 0.1-0.8 m3. There were also a lot of small root plates with
a volume below 0.1 m3. In two cases, there were root systems
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FIGURE 7 | The distribution of elevation, slope, and aspect values for blowdown and no blowdown areas. [Colour figure can be viewed at wi-

leyonlinelibrary.com]

without soil (recorded as volume of 0 m3). The largest root
plate had a volume of 1.29m?3 and was related to two trees.
The root plate size was directly proportional to the fallen tree
(or trees) basal area, with R?=0.7 (Figure 8). We measured
the azimuth of 75 fallen logs (71 related to root plates, and 4
snapped). Nearly all logs toppled in the NW, SW, or W direc-
tion, and the most frequent azimuth intervals were 275-305
and 245-255 (Figure 8).

4 | Discussion

4.1 | The Analyzed Blowdown Event in the Light
of Previous Blowdowns in Colorado and Worldwide

Wind-driven disturbance should not be underestimated in the
region, which is more well known for fires (Lindemann and
Baker 2001; Buma and Wessman 2011; Momodu 2019). There are
many examples of small-scale blowdowns across the CFR, such
as within Rocky Mountain NP (Veblen et al. 1989; Veblen 2000;
Wohl 2013; Fujita 1989). Large-scale blowdowns are infre-
quent, but still important ecologically in the CFR (Veblen 2000;
Kulakowski and Veblen 2002, 2007). They are usually associated
with the occurrence of unusual meteorological conditions (e.g.,
unusual wind directions, Poulos et al. 2002; Meyers et al. 2003).
These events are rare but not unprecedented.

The 1997 Routt Forest blowdown is the only well described
large-scale windthrow event in the southern Rockies similar
to the one analyzed in this paper (Lindemann and Baker 2001;
Kulakowski and Veblen 2002; Poulos et al. 2002; Meyers
et al. 2003). The 1997 blowdown was caused by a powerful
winter storm which lasted over 3days of 24th—26th October.
The event was caused by the deep, cutoff low pressure system,
which led to long-lasting, anomalous, and strong easterly winds
over some parts of the Colorado Rocky Mountains (Poulos
et al. 2002). The September 7th—9th 2020 windstorm analyzed
here shares a few similarities with the 1997 event, that is, (1)
the cold front moving southwards in the late summer/early au-
tumn (September and October), (2) strong, anomalous easterly
winds, and (3) greater precipitation and snowfall on the eastern
side of the Continental Divide in comparison to the western side
(Poulos et al. 2002; Colorado Climate Center 2024). Both easterly

winds and precipitation predominantly on eastern aspects are
unusual, as westerly winds prevail in the region (Pepin 2000;
Poulos et al. 2002; Sheppard et al. 2002).

Severity and snowfall differed between the two events. In 1997,
the peak wind gusts recorded close to the windthrow area
reached up to 51 m-s~! (Poulos et al. 2002), while in 2020, speeds
were less, up to 30m-s~' (Winter Park 2024), though we note
the observation station is not located directly inside the blow-
down area. During the 1997 windstorm, over 150cm of snow
was recorded on the CFR foothills (Poulos et al. 2002), while
during the 2020 event, the CFR foothills obtained 8-22cm of
snow (BoulderCAST Team 2024). Damage was also less in the
event studied here. The 1997 event damaged > 10,000 ha of for-
est (Lindemann and Baker 2001; Kulakowski and Veblen 2002)
vs. our estimate of >1300ha of forest for 2020 event (Figure 5).
However, the events cannot be perfectly compared due to differ-
ing soils, topography, and other factors which played a role in
forest blowdown occurrence.

We suggest the most important factor both events have in com-
mon was the unusually strong easterly winds. During both
events the easterly winds were >20m-s~! and lasted for several
hours (Poulos et al. 2002) (Figure 4). Blowdown likelihood in
these conditions may be higher due to root systems being un-
adapted to the rare wind direction (Quine and Gardiner 2007;
Moore 2014). Root systems (and presumably tree stability) are
known to be correlated with dominant wind directions (Danjon
et al. 2005). Hence, an unusual wind direction presumably
increases the likelihood of blowdown occurrence (Meyers
et al. 2003; Quine and Gardiner 2007). The consistent direc-
tion of the fallen trees (Figure 8) supports this hypothesis, as
they essentially all fell in the same direction consistent with
easterly wind. The proximity of the high montane ridge (the
Continental Divide, in this case) also generates higher local-
ized wind speeds by funneling air through low passes in the
ridge (Miller and Durran 1991; Sun 2013), with possible func-
tioning of anemo-orographic systems (Jenik 1961). There are
many examples of similar dynamics in mountains worldwide
(McGowan 1997; Nkemdirim 1997; Richner and Héichler 2013;
Lepri et al. 2017). Both 1997 and 2020 blowdowns formed on the
western slopes adjacent to the Continental Divide. It is import-
ant to note that forest conditions may also condition a location
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FIGURE 8 | The results of the fieldwork (Photo. J. Godziek). [Colour figure can be viewed at wileyonlinelibrary.com]

for blowdown. As disturbance ecology studies often reveal, es-
pecially for large events, we cannot eliminate the potential that
some pre-existing condition (e.g., bark beetle damage, Tishmack
et al. 2005; Lester 2020) made these sites more likely to blow
down. However, in this case there was no record of significant
insect mortality prior to the blowdown.

4.2 | Issues Related to Automatic Windthrow
Detection

The tunable CVA methodology appears valuable for blowdown
mapping. Both CVA and GFC techniques identified most of
the big blowdown patches, with the TPR of 66%-67% limited
mainly by undetected small patches. Identification of the small-
est patches was further limited by the resolution of the datasets
(10m and 30m, respectively). When comparing to GFC data,

using the CVA technique with both mgt and drct parameters
lowered the FPR for windthrow detection by about 3 times
(0.89% vs. 2.97%; Table 1). False positives can be a significant
problem in disturbance analysis (Forbes 1995), so even small de-
creases in the FPR are valuable for blowdown mapping. Further,
a low FPR is important for conservative conclusions, as it re-
duces the risk of spurious correlations. This may be the advan-
tage of the CVA approach over the GFC data. The similar level of
TPR (66%-67%; Table 1) for the output CVA blowdown map and
GFC forest cover loss product is related to (1) the selected bands
and thresholds on mgt and drct for CVA, and (2) the way the GFC
algorithm works (Hansen et al. 2013).

Determining the classification parameters is crucial for CVA
performance (Solano Correa et al. 2014). The multiple metric
(direction and magnitude), vector-based CVA analysis indi-
cated the changes within the mapping area were caused by
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blowdown only. As the direction provides information about
the type of change, for example, blowdown, wildfire, logging,
etc. (Solano Correa et al. 2014; Dalponte et al. 2020), we tar-
geted values aimed at extracting the values of the direction pa-
rameter optimal for blowdown detection. We note that if one
assumes all changes are caused by the same disturbance event,
the magnitude parameter representing the amount of changes
can be sufficient (Bovolo and Bruzzone 2007). Testing the
CVA using only the magnitude parameter revealed a higher
TPR (up to 88.7%), which was, however, frequently accompa-
nied by an FPR increase (up to 17.8%; Table 1). Without the
direction parameter, the TPR would rise to 72.6% (higher than
the GFC dataset), with the FPR increasing to a level similar to
GFC data (Table 1). Computing the direction parameter gives
additional information helpful to lower the FPR (Table 1). The
larger value of the CVA methodology is the tunability—the
ability to adjust the FPR and TPR to the task at hand. Testing
different cases of parameters for CVA (Figure 3) illustrates the
potential of (1) adjusting the CVA to the particular detection
problem, and (2) selecting the CVA settings depending on the
goal of the analysis. To maximize the CVA performance, we
recommend analyzing images from the same vegetation sea-
son and with minimal or no cloud cover. To date, research on
RS-based windthrow detection methods has been conducted
mostly in Europe (Einzmann et al. 2017; Tanase et al. 2018;
Dalponte et al. 2020; Senf and Seidl 2021; Bonannella
et al. 2024). Also, other types of disturbances (wildfires, bark
beetle outbreaks) have been studied using RS data and CVA in
Euroasia and Africa (Adelabu et al. 2012; Verde and Tsakiri-
Strati 2014; Santi et al. 2022). Hence, our research is unique as
it applies RS data and CVA in Northern America.

The Global Forest Change dataset is obtained by analyzing the
timeseries of Landsat imagery and employing a set of metrics
considering the statistical description of reflectance values and
the image acquisition time (Hansen et al. 2013). The value of
the GFC data is its global coverage and automatic algorithm.
(Galiatsatos et al. 2020). GFC data may face different inaccura-
cies resulting from (1) the processing and classification methods,
and (2) the input data, that is, their resolution, acquisition date,
cloudiness, etc. (Potapov et al. 2015; Galiatsatos et al. 2020).
Also, the forest loss year data can be inaccurate, as a small part
of the September 2020 blowdown was attributed to 2020 by the
GFC, and a larger part to 2021 (University of Maryland 2022;
European Space Agency (ESA) 2024). Such inaccuracies may
result from data-related factors, such as the acquisition dates,
data availability, or high cloud cover percentage after September
2020. GFC data also lack the information about the origin
of forest disturbance, which is crucial for many applications
(Sturtevant and Fortin 2021).

The CVA approach has been used in previous studies related to
windthrow mapping (Vorovencii 2014; Dalponte et al. 2020),
and for other applications, including fire detection, and veg-
etation, wetland, and agriculture monitoring (Johnson and
Kasischke 1998; Roemer et al. 2010; Singh and Talwar 2014). This
study applied the CVA for a new case study, related to different en-
vironmental conditions than the previous research. This approach
should be useful for multiple disturbance types, such as fires, the
mapping of blowdowns and other features related to the changes
between two images, such as any type of forest disturbances,

mass movements (landslides, debris flows), land use change, etc.
(Lambin and Strahlers 1994; Chen et al. 2011).

We were able to test the workflow proposed by Dalponte
et al. (2020) for the Italian Alps in the Rocky Mountains of
North America. However, we note several differences in our
workflow and the steps performed by Dalponte et al. (2020).
We did not have blowdown maps provided by the forest service,
which could be relevant for use as validation data. Therefore,
we prepared our own validation dataset from very high spatial
resolution photos (the NAIP imagery). We also used our vali-
dation dataset to check the performance of the method, with-
out dividing the AOI into training and test sets. The detection
thresholds applied to map the blowdown in this study vary from
the ones used by (Dalponte et al. 2020). These differences can
be related to (1) different distribution of pixel values within the
satellite image bands and (2) different environmental conditions
(variation of climatic and vegetation zones). Hence, the CVA
technique is not yet suitable for unsupervised or automated de-
tection. Despite this limitation, the CVA has many advantages,
as this method (1) is unsupervised and hence does not require a
training dataset and (2) is not computationally demanding for
small and medium-sized study areas. The workflow we shared
in R (Supporting Information, R Script) can be easily adapted to
other forest disturbances.

4.3 | Insights Related to Terrain Analysis and Soil
Disturbance

The blowdown was concentrated within a relatively narrow alti-
tudinal belt. Such events often result in high-speed winds hitting
the surface of the mountain slope within a constrained elevation
range, driven by the combination of ridge elevation, topography,
and meteorological conditions (Kwiatkowski 1969; Sun 2013).
This results in severe damage within this belt, while forests grow-
ing at higher and lower elevations remain untouched (Miller and
Durran 1991). A well-documented example is the large scale, but
elevationally constrained, 2004 blowdown on southern slopes of
the Slovakian Tatra Mts. due to northern bora-type wind (Simon
et al. 2015; Balon and Maciejewski 2005). In the case of the 2020
blowdown, intense downslope winds likely occurred on the lee-
ward side, especially through small gaps or low points in the ridge
(Miller and Durran 1991; Sun 2013). There are many such low
points on the ridge of the Continental Divide, mostly located
in the central part of the AOI, between Jasper Peak and James
Peak (Figure 1). This may be the cause of the presence of mul-
tiple large blowdown patches in the central part of the mapping
area (Figure 5). The large blowdown patches in the valleys in the
southern part of the mapping area can be related to the impact
of wind blowing through local low points in the main ridge. In
this case, deep valleys surrounded by high ridges might force
the strong wind currents to hit the ground at local flattenings in
the valley bottom. Slope did not appear to have a meaningful ef-
fect (p=0.098) on the spatial distribution of blowdown patches
(Figure 7), which was unexpected. However, the high share of
blowdown patches on NE aspects reflects the overall wind direc-
tion. The strip-shaped blowdown patches in the central part of the
AOI follow the run of the ridges, with wind damage located at NE
slopes (Figure 5). If these major blowdowns are associated with
easterly winds, as suggested by this event and the Routt event,

12 of 17

Land Degradation & Development, 2025

44:4189237999



it may be feasible to explain blowdown patches distribution as
a function of topography. More research is needed, especially a
focus on finding analogous, high-elevation easterly wind events
that did or did not produce similar blowdown events.

Soil disturbance cannot be well assessed from satellite data at
present. Orthophotomaps, despite a much higher spatial reso-
lution, are not acquired often enough to support recognition of
changes at the level of individual trees, for example, whether
a tree has been uprooted or broken. Field surveys are often re-
quired, and notably also provide substantial contextual data
generally unavailable from satellites (e.g., species, damage type,
etc.: Pawlik et al. 2016; Phillips et al. 2017). We presume the
2020 blowdown disturbed a great amount of soil, as most of the
trees surveyed were uprooted rather than broken (which would
not disturb the soil). The estimated root plate volumes fit into
the volume range documented by recent research (Gallaway
et al. 2009; Phillips et al. 2008; Strzyzowski et al. 2018). The
measured root plates are small compared to European root
plates (Samonil et al. 2009; Pawlik 2013; Godziek 2024), likely
due to tree species and a generally smaller tree size and thinner
soils at high elevations, though unknown prior (historical) dis-
turbances which may have driven smaller tree sizes cannot be
excluded. The comparison between the tree size (basal area) and
root plate volume did show a strong correlation between those
two variables (Figure 8). This agrees with other wind-soil stud-
ies (Schaetzl et al. 1989; Pawlik 2013). The specifics of the CFR
subalpine forest blowdown are many root plates being related to
more than one tree. This may result from the small size of coni-
fers and too small distances between trees (Veblen et al. 1991),
or soil conditions at the time of the event. Although the number
of measured plots is small, the collected data provide valuable
insight into the impact of the CFR blowdown on soil disturbance
and tree fall direction.

5 | Conclusions

Wind-driven disturbances can be significant, even where they
are not considered a dominant disturbance type, such as the
Rocky Mountains. We explored in detail a large-scale blowdown
event in the Colorado Front Range. Strong winds from an un-
usual direction seem to be crucial to the blowdown formation.

Methodologically, the blowdown mapping approach used is the
first application of the CVA method for forest damage detec-
tion in the North American context. The approach is entirely
based on the open data and scripting language available for fu-
ture users, which secures the possibility of testing the method
in other environmental conditions. Our mapping approach
achieved high true positive detection accuracy and a lower false
positive rate than the commonly used GFC data. Importantly,
it is tunable to study-specific needs like maximizing or mini-
mizing false positives, true negatives, or other goals. The pre-
sented method can be easily applied and does not require a
training dataset, which for some areas can be challenging to
obtain (with no orthophotomaps or detailed forest maps). The
2020 CFR blowdown was primarily associated with exposed
aspects within a relatively narrow elevational band and caused
soil disturbance, with root plates smaller than those measured
in Europe. Our study presents a useful methodology for further

investigations on (1) blowdown mapping techniques using RS
data, (2) a means to improve on the accuracy of GFC data, (3)
factors leading to blowdown formation in the Rocky Mts., (4)
blowdown-related soil disturbance, and (5) the interplay be-
tween potentially damaging high wind currents and local and
regional topography.
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The availability of LiDAR data (including open-source data), combined with specialized algorithms, allows the
use of these data to automatically detect landforms, vegetation and other objects. LiDAR point clouds have been
frequently applied for the detection and evaluation of living trees but never for root plates of uprooted trees.
However, tree uprooting is one of the most important biotic-abiotic interactions in temperate forests. This
process leads to the formation of root plates, i.e., microrelief forms consisting of undecomposed tree root systems
and the attached soil and rock particles. Root plates are involved in biotransport, i.e., the movement of soil and
rock material by living organisms. The objective of this study was to develop an automatic method for root plate
detection and volume (and thus biotransport) estimation based on LiDAR data. The study area included three
Norway spruce-dominated plots located in two national parks in the Polish Carpathians. For validation, the
author mapped the root plates using a GNSS receiver and measured their dimensions. We created the differential
model presenting the height of root plates, fallen trunks, and dense understory vegetation by interpolating the
last returns with a normalized height < 2 m. We automatically extracted the root plate locations and computed
their volume using three ways of estimation. The method was built in R. Depending on the study plot, the root
plate detection rates ranged from 70.3 % to 79.1 %. For different ways of estimation, the mean root plate volume
varied in a range of 2.2-3.35 m®, while the mean biotransport reached 176.1-268.3 m>/ha. The method offers
the best results for LIDAR data with a minimal density of 8 pts/m2. We recommend using this method for 1)
protected Norway spruce stands and 2) windthrows with no or few young conifers. The method can be applied to
1) assess the amount and spatial distribution of root plates and 2) determine the degree of soil disturbance and
transport of soil material. Applying point cloud data to investigate the effects of tree uprooting can improve the
understanding of the scale and course of different environmental processes related to this phenomenon. In future
studies, field root plate measurements and volume estimations could be independently confirmed by using LiDAR
data and the method presented in this study.

1. Introduction

Tree uprooting (treethrow) can be considered one of the most
important biotic-abiotic interactions in temperate forests worldwide
(Schaetzl et al., 1989; Samonil et al., 2010a; Phillips et al., 2017). This
process is primarily driven by episodes of hurricane-force winds, which
cause forest damage (Everham and Brokaw, 1996; Taylor et al., 2019).
Tree susceptibility to wind damage is controlled by features of tree
stands (e.g., age, height, health and dominant species) and by abiotic
factors (e.g., soil, topography) (Schaetzl et al., 1989; Constantine et al.,
2012; Phillips et al., 2017; Strzyzowski, 2019). When a tree is toppled
(uprooted) by wind, some of the soil material attached to its root system
is lifted and deposited on the ground surface in the form of a root plate.
This process causes geomorphic and pedogenic effects that should not be
omitted (Schaetzl et al., 1990; Samonil et al., 2010a; Pawlik, 2013). Root

hitps://doi.org/10.1016/j.jag.2024.103992

plates are microrelief forms that consist of undecomposed tree root
systems and soil and rock particles attached to roots (Fig. 2) (Schaetzl
et al., 1989; Pawlik, 2013; Samonil et al., 2016; Strzyzowski et al.,
2018). Root plates arise as a direct result of the tree uprooting process.
Therefore, these forms indicate the impact of winds on forest dynamics
(Kulakowski and Veblen, 2002; Doane et al., 2021). Another type of tree
mortality, tree breakage, is not associated with such distinct above-
ground evidence and does not result in significant or long-term
geomorphic or pedogenic consequences (Mitchell, 2013). The shape,
volume and spatial orientation of root plates are influenced by many
factors, such as the anatomy of the root system of a given tree species,
the soil type and bedrock, the soil water content, and the prevailing
wind direction (Schaetzl et al., 1989; Pawlik, 2013) In addition, root
plates can be considered to be involved in biotransport, i.e., the move-
ment of soil and rock material by living organisms (Phillips et al., 2008;
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Pawlik, 2013). From a broader perspective, in temperate forests, root
plates are one of the main effects of biomorphodynamics, i.e., changes in
landforms and the intensity of geomorphological processes caused by
biota (Samonil et al., 2015). Root plates influence the development of
understory vegetation (Kooch et al., 2012), and biodiversity and the
process of forest recovery after windthrow (Everham and Brokaw, 1996;
Buma, 2015). Root plate preservation is strongly related to forest man-
agement activities. In managed forests, root plates are normally
removed, but in old-growth forests, they are left intact and represent
natural remnants of past forest damage (Samonil et al., 2010b; Barker
Plotkin et al., 2017). Gradual decomposition of roots and erosion of the
soil attached to them leads to the formation of pit-mound topography,
which can act as an indicator of past forest dynamics (Ulanova, 2000;
Samonil et al., 2016; Godziek and Pawlik, 2023). For this reason, the
detection, documentation, and mapping of root plates are highly
important.

Wind-driven forest damage is prevalent in some of the world’s forests
(Mitchell, 2013; Bonannella et al., 2024). Satellite imagery and ortho-
photomaps are crucial remote sensing (RS) data for evaluating negative
and positive changes in forest ecosystems, including wind-driven
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damage (Hansen et al., 2013; Potapov et al., 2015).Besides, the LiDAR
data is crucial for research on forest disturbances (Dubayah et al., 2020;
Heinaro et al., 2021). The availability of LiDAR point cloud data has
been growing exponentially in recent decades (including open-source
data). LiDAR data provide an opportunity to quantify and measure
various landforms and changes in vegetation cover, even in remote areas
where access is difficult. Using the LiDAR data in the investigations may
help to increase the scope of the work and significantly reduce the cost of
fieldwork. The LiDAR data can be effectively acquired using drones or
airplanes (altitude laser scanning, ALS) and ground scanners (terrestrial
laser scanning, TLS). The computing power required to process the point
clouds is provided by constantly developing hardware and software.
Hence we presume the opportunities to use the LiDAR for different ap-
plications will continue to increase. The availability of data and dedi-
cated algorithms provides adequate opportunities to develop automatic
and objective methods for detecting, interpreting, and mapping relief
and land cover forms (Jasiewicz and Stepinski, 2013). Hence, LiDAR
point clouds have been frequently applied to extract the location of the
stems of fallen trees (coarse woody debris, CWD) (Blanchard et al., 2011;
Miicke et al., 2012; Lindberg et al., 2013; Nystrom et al., 2014; Joyce
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Fig. 1. A — Location and topography of the study plots. B — Forest dynamics of the study plots based on orthophotomaps obtained from the Polish Head Office of

Geodesy and Cartography (download from https://www.geoportal.gov.pl/).
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Fig. 2. Root plate field measurement procedure. We measured the location
using a GNSS receiver (accuracy: +/- 0.05 m) and three root plate dimensions
(width, height, depth) as described in detail in the text. Photo. J. God-
ziek (2023).

et al., 2019; Heinaro et al., 2021; Dakin Kuiper et al., 2023). To the best
of our knowledge, the LiDAR data have not yet been used to detect the
root plates of uprooted trees. However, we can presume that if the point
cloud is used to detect the downed trees, then such data will also allow
the extraction of root plate locations. As the LiDAR data provide a very
accurate representation of the Earth’s surface, we also assume that such
data will enable us to estimate the root plate volume (and thus the
biotransport). Following this, the LiDAR point cloud may be applied to
1) detect root plates and 2) estimate their volume.

Previous studies on root plates, pit mound topography and wind-
throws have been mostly based on field measurements (Gallaway et al.,
2009; Pawlik et al., 2013; Samonil et al., 2016) and have been focused
on 1) the impacts on the soil formation and properties (Kooch et al.,
2014; Samonil et al., 2015, 2016), 2) the relationship between the root
system architecture and the shape of the root plate (Beatty and Stone,
1986), 3) the rate of root plate erosion and decomposition (Samonil
et al., 2010b), and 4) the link between a particular episode of extreme
wind and the formation of root plates (Kulakowski and Veblen, 2002;
Strzyzowski et al., 2016; Zadrozny et al., 2017). Using field data, several
characteristics related to root plates were estimated, e.g., the volume of
the root plates, the area occupied by the root plates, the mean upslope
and downslope transport distances and the mean sediment flux
(Kotarba, 1970; Reid, 1981 Norman et al., 1995; Gabet et al., 2003;
Phillips et al., 2008; Dabrowska, 2009; Gallaway et al., 2009; Richards
et al., 2011; Rojan, 2012; Strzyzowski et al., 2018). In the majority of
approaches, the three dimensions of the root plates (width, height, and
depth) were measured (Dabrowska, 2009; Strzyzowski et al., 2018), and
the volume was estimated using the modified equation for a half ellip-
soid (for details see Eq. (4)). The determining of the location of the root
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plates with the use of GPS positioning (Pawlik et al., 2013) was quite
uncommon, perhaps due to the difficulties in using precise mapping
equipment in remote forest areas where windthrow occurred. Several
studies have applied RS data and modeling to investigate the effects of
tree uprooting and biotransport. LiDAR-derived DTM was used to
quantify hillslope sediment fluxes driven by treethrow in south-central
Indiana, United States (Doane et al., 2021). The study focused on
topographic roughness related mainly to the occurrence of pit mound
topography and estimated the topographic variance resulting from tree
uprooting for entire slopes. A simulation approach based on the forest
gap model (ForGEM) was applied to investigate the relationship be-
tween windthrow-driven sediment transport and windstorm frequency
(Constantine et al., 2012). Neither approach using RS data extracted the
location or estimated the volume of a single root plate. Thus, the
development of a root plate detection and volume estimation method
based on LiDAR data is crucial for scientific disciplines such as geo-
morphology, soil science, and forest ecology. With LiDAR point clouds,
the effects of the tree uprooting could be studied on a broader spatial and
temporal scale than in field research. This would allow us to enhance our
understanding of the impact of the treethrow process on slope evolution.
Also changes within windthrow patches could be monitored remotely,
especially in strictly protected areas, reducing the cost and time required
for fieldwork. The objective of this study was to develop an automatic
unsupervised method of 1) root plate detection and 2) root plate volume
estimation (and thus biotransport estimation) based on LiDAR point
cloud data. The author 1) presents the details and steps of the proposed
method, 2) describes how the field data were acquired and applied to
validate the method, 3) analyzes the detection results in detail, 4) ex-
plains the inaccuracies of the method, and 5) proposes potential appli-
cations of the method.

2. Materials and methods
2.1. Study area

We selected three one hectare (100 x 100 m) study plots located in
the Polish Outer Western Carpathians. Two of them were in Babia Géra
National Park (B1 and B2), and one was in Gorce National Park (G1)
(Fig. 1A). They were located at 1200-1300 m above sea level (m a.s.l).
and were gently sloped. The study plot exposures and geomorphic po-
sitions were the eastern hillslope (Mt. Babia Géra), flat ridge and
northeastern hillslope (Gorce Mts.). (Fig. 1A). At the altitude of the study
plots, the mean annual temperature is approximately 2-4 °C, and the
mean annual precipitation can reach 1400 mm (Obrebska-Starkel et al.,
2004). At the Turbacz station (1272 m a.s.l., Gorce Mts, 1.3 km west of
plot G1), during the period from 2010 to 2020, the mean annual tem-
perature reached 4.6 °C, the minimal recorded temperature was
—26.6 °C, and the maximal recorded temperature was 28.7 °C. The
annual sum of precipitation reached approximately 900-1000 mm for
most years during the 2010-2020 period. During the same period, NW
winds significantly prevailed. Other dominant wind directions included
W and SE. The highest recorded wind speed reached 22.9 m/s (own
calculation based on IMWM-NRI archival data, 2023).

All the study plots were overgrown by single-species forests
composed of Norway spruce (Picea abies (L.) H. Karst.). For the plots
located in Babia Géra National Park (B1, B2), initial wind-driven forest
damage occurred in November 2004, during the bora-type wind blowing
from the north. In 2005, the authorities of Babia Géra National Park
decided to establish a strictly protected monitoring area covering the
initial windthrow site. In subsequent years, the area of wind-damaged
forest gradually increased (Zadrozny et al., 2017) (Fig. 1B). Plot G1,
located in Gorce National Park, experienced initial damage between
2009 and 2015. In subsequent years, the extent of the damaged forest
expanded (Fig. 1B). The B1 and B2 plots were subjected to spontaneous
forest regeneration after damage. For study plot G1, the period after the
initial forest damage was shorter, and thus, the plot was only slightly
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overgrown.

2.2. Materials

2.2.1. LiDAR data

Analysis was based on two altitude laser scanning LiDAR point
clouds obtained from the following sources: 1) Babia Gora National Park
and 2) Gorce National Park. We obtained point clouds from scientific
repositories of both national parks upon formal request. Data from Babia
Gora were acquired during the leaf-off season in 2020. The density of the
point cloud is 70 points/m? with 42.7 pulses/m?. For the study plots
located in Babia Goéra (B1, B2), we worked on one tile of LiDAR data
with the grid sheet identifier provided by the Polish Head Office of
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Geodesy and Cartography M-34-88-A-c-2-1-1-4 (grid for the coordinate
reference system ETRF2000-PL/CS92, scale 1:1250). This tile covered a
rectangle with sides of 560 x 580 m, had an area of 33 ha, and took up
1.5 GB of disc space. A point cloud from Gorce National Park was ob-
tained in May 2021. The density of these data reaches 193 points/m?,
with 141.5 pulses/m?2.

For the G1 plot, one tile was analyzed (M-34-89-A-d-1-3-3, coordi-
nate reference system ETRF2000-PL/CS92, scale 1:2500). The tile
occupied a rectangle with sides of 1130 x 1160 m, had an area of 131 ha
and took up 17 GB of disc space. Both source point clouds were 1)
clipped to the 20-m buffers of particular study plots and 2) processed
and classified (for details, see Section 2.3.1). We compared the basic
properties of the point clouds located within the boundary of each study
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plot (Table 1). For plots B1 and B2, the point cloud density was 56.7
points/m? and 51.5 points/m?, respectively, while for plot G1, it was
132.6 points/mz.

2.2.2. Field measurements

The aim of the field measurements was to acquire validation datasets
to assess the accuracy and validity of the proposed method. The field-
work was performed 1) before modeling to obtain the validation data-
sets on the location and volume of root plates and 2) after modeling to
investigate in depth the obtained results. The study plots (B1, B2, G1)
were the sites of fieldwork. Before modeling, we accurately mapped the
positions of the root plates and measured their dimensions. Locations
were obtained using a GNSS receiver with horizontal and vertical ac-
curacies reaching +/- 0.05 m. We measured the location of the root plate
by placing the GNSS stick on the ground on one of the sides of the fallen
tree trunk, as close to the root plate as possible (Fig. 2). In isolated cases
of very dense vegetation, measurements were taken as close to the root
plate as possible. We measured the height (h), width (w) and depth (d)
of the root plate with an accuracy of +/- 0.05 m using a measuring tape.
The height was measured from the place on the ground where the GNSS
stick was located up to the highest part of the root plate with soil or rock
particles. We measured the width as the distance between the outermost
points and the soil attached to the roots on both sides of the root plate.
The depth was measured from the junction of the root neck with the soil
to the bottom part of the soil on the other side of the root plate. We also
took photos of the selected root plates. We divided the root plates into
two categories:

1. Category 1 — fresh root plates, clearly visible;
2. Category 2 — root plates overgrown by vegetation and/or partly
eroded (Fig. 6).

After modeling, we investigated the obtained outcome by checking
the location of some of the false positives (see Section 2.3.1). We located
the places for field checking by analyzing the modeling results (differ-
ential model (DM), Section 2.3.1) via GIS software. We imported loca-
tions to the GNSS receiver, found them in the field and documented
them by taking photos (Fig. 6). We also identified the primary tree and
shrub species growing in the study plots.

2.3. Methods

2.3.1. Root plate detection

During the analyses of LiDAR data from different sources, we
observed that the standard LiDAR data classification procedure mis-
classifies such nonstandard forms as root plates. Therefore, there
appeared to be a need to develop an approach for extracting information
about root plates from the processed point cloud, which is relevant for
various applications. In the standard point cloud classification proced-
ure, laser beam reflections from root plates were classified as low or
medium vegetation, as the height of the root plates is similar to the
height of the understory vegetation (e.g., small shrubs and young trees).
The ground point classification algorithms did not label the laser beam
reflections from the root plates as ground points. The reason might be
the shape of the root plates, as they are relatively small, and their sides
are very steep. Field observation showed that in most cases, root plates
are not taller than 2 m. For this reason, we can assume that most laser

Table 1
Comparison of basic point cloud data properties for each study plot.
No. study plot number of points density density size
[thousands] [pts/m?] [pulses/m?] [MB]
1. Bl 578.2 56.7 38.3 39.7
2. B2 525.2 51.5 35.8 36.1
3. Gl 1350 132.6 113.5 87.7
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beam reflections from root plates are located up to 2 m above the
ground. Moreover, the laser beam is unable to penetrate through the
root plate or fallen trunk. Thus, the majority of points reflected from the
root plates or fallen trunks were the last returns of the laser beam. In
regard to the above-described observations, we propose a method of root
plate detection using points 1) situated up to 2 m above the ground and
2) representing the last returns of the laser beam. All the computations
were performed and automated in the R programming language (R Core
Team, 2023) using RStudio (RStudio Team, 2021). The most important
packages that were used include lidR (Roussel et al., 2020), terra (Hij-
mans, 2023), sf (Pebesma, 2018), stars (Pebesma, 2022), dplyr (Wick-
ham et al., 2023), and ggstatsplot (Patil, 2021). All raster layers were
computed at a 0.25 m spatial resolution.

We 1) processed the raw point cloud data, 2) assigned point class
numbers based on the American Society for Photogrammetry and
Remote Sensing specification (ASPRS, 2011), and 3) classified and
removed noise points (i.e., “high points” and “low points”) using the
statistical outlier removal (SOR) algorithm. For every point, this algo-
rithm calculates the mean distance to its k-nearest neighboring points.
Points farther than the average distance plus a multiplier of the standard
deviation are classified as noise and removed. The ground points were
classified using a progressive morphological filter (Zhang et al., 2003).
We assigned points to vegetation classes using the following threshold
values: low vegetation (0-0.4 m above the ground), medium vegetation
(0.4-2 m above the ground) and high vegetation (>2 m above the
ground). Then, we 1) produced elevation models at a 0.25 m spatial
resolution using TIN interpolation, 2) computed the Digital Terrain
Model (DTM) using only ground points, 3) created the Digital Surface
Model (DSM) representing the root plates, fallen trunks and dense un-
derstory vegetation by interpolating the points representing the last
returns of the laser beam and located up to 2 m above the ground (point
classes: ground, low vegetation, medium vegetation), and 4) produced
the differential model (DM) by subtracting the DTM from the DSM- to
increase the visibility of the root plates (Fig. 3). This subtraction allowed
us to obtain a model of the height of certain features of the forest floor
caught by DSM (including root plates). Using such a workflow resulted
in eliminating the influence of topography on root plate detection. The
created model (DM) had values from O to 2 m, as only the laser beam
reflections up to 2 m above the ground were taken into consideration
during DSM computation.

To extract the locations of the root plates, for DM and DSM we
computed the contour lines at 0.1-m intervals. We observed that contour
lines closed within root plates, which are significant convex surface
objects. The comparison of contour lines between DM and DSM indi-
cated that DM-derived contour lines better reflect root plates than DSM-
derived contour lines. Thus we decided to use a differential model (DM)
to detect root plates. Regarding the height and shape of the root plates,
we decided to extract contour lines located at three height levels: 0.5, 1
and 1.5 m. We converted closed contours to polygons (layer cnt_plg,
Fig. 3). Then, we divided the polygons into root plates (RPs) and false
positives (FPs) using collected validation data (see Section 2.2.2). We
deleted small false positives by removing polygons with an area (AR) <
0.1 m? Then, to reduce the number of false positives and create an
optimal filtering rule for the detection method, we aimed to find dif-
ferences between the root plate polygons and false positive polygons.
Therefore, we calculated several parameters for each polygon (see
Table 1S). For each parameter, we produced value distribution plots
divided into root plates and false positives. We performed initial filtering
1) by removing polygons with areas > 5 m?, as the area of the largest
“root plate” polygon was less than 5 m?, and 2) by deleting false posi-
tives representing concave objects (e.g., space between fallen trunks)
with a mean DM < 0.5 m. We analyzed the remaining polygons to
determine the most effective filtering rule under which the number of
false positives would significantly decrease. We tested 1454 filtering
rules using the following parameters: area, polygon compactness index
(PC) (Brinkhoff et al., 1995), the maximum value of the vegetation
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height model (VHM_max), and convex hull perimeter (CVHP) (Supple-
mentary Materials, Table 2S). The polygon compactness index was

calculated as follows:

14

PC=—
3.45 AR

where:
PC — polygon compactness index.
P — polygon perimeter.
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AR - polygon area.

Such an approach allowed us to relate the area of the given polygon
to the length of its boundary. The more complex was the polygon
boundary, the higher were the values of PC. The vegetation height
model (VHM) was computed by subtracting the DSM representing the
tree canopies (interpolated using first returns of the laser beam) from the
DTM. Convex hull polygons were delineated as the smallest convex
polygons enclosing the vertices of individual polygons. For the testing
procedure, the data were divided into training and test sets in the
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following manner: turn I: B1 and B2, the training set; G1, the test set; and
turn II: G1, the training set; B1 and B2, the test set. For the results of each
of the 1454 tested filtering rules, we 1) merged the overlapping polygons
(related to the use of three contour line levels) and 2) calculated the root
plate detection rate:

RPdr =

RPd ) 00% @

where:
RPdr — root plate detection rate.
RPd —number of detected root plates (true positives, TP).
RPm —number of root plates measured in the field (validation data).
and the share of false positives:

FP
= — 0,
FPsh ad’ 100% 3

where:

FPsh — share of false positives.

FP —number of false positives.

Ad —number of all detected polygons.

We compared these two ratios on the scatter plot to determine the
optimal filtering rules (those with a high root plate detection rate and a
low share of false positives) (Fig. 4C). We tested different groups of
queries (Table 2S), which resulted in the grouping of the filtering rules
on the scatter plot. The tested polygon filtering rules achieved better
results for the G1 plot than for the B1&B2 plots. Based on the scatter
plot, we selected several filtering rules for further analysis. In turn I
(training: plots B1&B2), we selected rules with FPsh < 35 % and RPdr >
65 %, while in turn II (training: plot G1), rules with FPsh < 25 % and
RPdr > 75 % were selected. We compared the results obtained in both
turns, which allowed us to propose few filtering rules (Table 2). Then,
we applied optimal filtering rule 1 (Table 2, no. 3) to extract the loca-
tions of the root plates in all the study plots (Fig. 5). To further inves-
tigate optimal filtering rule 1, we tested the significance of differences in
the parameters used in this rule, i.e., area and polygon compactness
index (Fig. 4A, 4B). Due to 1) the different number of observations in the
compared groups and 2) lack of a normal distribution, we applied the
Mann-Whitney U test (Mann and Whitney, 1947). To evaluate the
impact of the point cloud density on the detection results, we applied the
optimal root plate detection algorithm (using optimal filtering rule 1) to
the point clouds at the different densities (Fig. 7).

2.3.2. Biotransport estimation

To estimate the extent of biotransport driven by tree uprooting, we
needed to calculate the volume of each root plate and therefore delin-
eate the root plate boundary. To calculate the biotransport as accurately
as possible, we selected all polygons from the ent_plg layer (Section
2.3.1) corresponding to the root plates mapped in the field. We merged
the overlapping polygons so that one polygon corresponded to one root
plate. For each polygon, we created a 1-m buffer, as the spatial analysis
showed that in all cases, such a distance covered all the root plates and
was not too wide. Then, we extracted areas with DM values greater than

Table 2
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or equal to 0.1 m above the ground within the buffers and 2) simplified
and smoothed the shape to eliminate the influence of pixel boundaries.
In most cases, the root plate boundaries delineated in this way corre-
sponded well with the real shape of the root plates (see Fig. 3).

The root plate volume was calculated with the use of 1) field mea-
surements and 2) a differential model (DM). Applying the field data, we
estimated the volume of the root plates using an approximation to the
shape of a half ellipsoid (Norman et al., 1995). This approach assumes
that the root plate dimensions (width, height, and depth) are related to
the three semi-axes of the half ellipsoid (a, b, c). To represent the length
of the semi-axes, the w and h dimensions must be divided by 2. Then, the
root plate volume estimation formula can be derived from the equation
for the volume of a half ellipsoid in the following way:

1 4
V= 5° (gnabc)

1 4 w h
VZE.(gﬂ.E.E.d)

awhd
V_—6 (C))
where:

a, b, ¢ — semi-axes of the ellipsoid.

w — width [m] of a root plate.

h — height [m] of a root plate.

d — depth [m] of a root plate.

To calculate the volume with the use of DMs, we applied two
approaches—the contour lines (CNT) approach and the zonal statistics
(ZS) approach (Fig. 3). The CNT approach was based on 0.1-m interval
contour lines. We converted contour lines to polygons and clipped the
polygons to the root plate boundaries. We calculated the area of each
clipped polygon. For each root plate boundary, we summed the areas of
the clipped polygons. To compute the final result, we multiplied the
summed areas by the contour line interval (i.e., by 0.1 m). The ZS
approach was based on the computation of the zonal statistics of the DM
within the root plate boundaries. For each root plate boundary, we
summed all the values of the differential model pixels. To transform the
sum into the volume, we multiplied the summed value by the squared
size of the pixel of the DM (i.e., by 0.252). We compared the results on
value distribution plots and tested the significance of the differences
between them. Due to the lack of a normal distribution and non-
homogeneous variances, we applied the nonparametric Kruskal-Wallis
test (Hollander and Wolfe, 1973) and the post-hoc Dunn test (Dunn,
1964) with the Holm-Bonferroni correction of p values.

3. Results
3.1. Root plate detection
3.1.1. Mapping and detection results

The fieldwork resulted in the mapping and measurement of 317 root
plates, which created a validation dataset. A total of 259 of them

Root plate detection rate and share of false positives for six selected polygon filtering rules. Abbreviations: RP, root plate; FP, false positive; AR, area; PC, polygon
compactness index; CVHP, convex hull perimeter. Optimal rule 1 was selected for further analysis.

Babia Gora (B1, B2)

Gorce (G1)

no- description filtering rule RP detection rate [%] share of FP [%] RP detection rate [%] share of FP [%]
1. minimalisation of the FP share AR >1and PC< 1.8 62.9 33.2 67.8 15.2
2. maximalisation of the RP detection rate 86.1 57.2 89.6 59.9
CVHP < 13 and CVHP > 2.2
3. optimal rule 1 AR > 0.9 and PC < 2.2 70.8 34.7 79.1 22.2
4. optimal rule 2 AR >1and PC< 2.2 67.3 33.3 79.1 20.2
5. optimal rule 3 AR >1and PC < 2.3 67.3 34.3 80 20.7
6. optimal rule 4 AR >1and PC< 2.1 65.8 33.8 78.3 19.6
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Fig. 5. Differential model (DM) for all study plots and root plate detection results for 1) field mapping and 2) the proposed method using optimal filtering rule 1 (see

Table 2, no. 3) on all study plots.

belonged to category 1 (fresh, clearly visible), while 58 belonged to
category 2 (overgrown or eroded). In study plots B2 and G1, the majority
of the root plates represented category 1 (Fig. 5). The analysis showed
that not very deeply processed LiDAR data can be successfully applied to
detect root plates. The method accuracy depended on the following: 1)
the selected polygon filtering rule (Section 3.1.2), 2) the DM (Section
3.1.3), and 3) the LiDAR data quality (Sections 2.2.1 and 3.1.4). Optimal
filtering rule 1 (Table 2, no. 3) allowed us to achieve a high root plate
detection rate of 70-80 %. The highest precision was obtained for the G1
plot. This method was slightly less accurate for B1 and B2 (Table 2,
Fig. 5). In the G1 study plot, 91 out of the 115 root plates were detected
(79.1 %). In the B2 study plot, the method correctly indicated the po-
sitions of 79 out of the 111 root plates (71.2 %). In the B1 study plot, 64
out of 91 root plates were detected (70.3 %) (Fig. 5). The lowest pro-
portion of false positives reached 22.2 % of all detection results ( 117) in
G1. The lowest number of false positives (23 polygons, 26.4 %) was
found for B1. The highest rate of false positives (40.2 %) was found for

B2, where 53 out of 132 detected polygons were false positives (Fig. 5).
Root plates mapped in the field but not detected by the method (false
negatives, FNs) were: 1) eroded to a significant extent, 2) overgrown by
vegetation, or 3) pinned by tree stems (Table 3). In rare cases, the false
negatives were related to root plates that originated after the date of the
LiDAR survey but before the fieldwork.

3.1.2. Procedure for finding the optimal filtering rule for DM-derived
polygons

Several filtering rules could be proposed for DM-derived polygon
filtering aimed at reducing the number of false positives (Table 2). Based
on the obtained results, we recommend using optimal filtering rule 1
(area > 0.9 and polygon compactness index < 2.2; Table 2, no. 3), which
was applied in this study to extract root plate locations (Section 3.1.1,
Fig. 5). For both research sites (Babia Gora, Gorce), this rule was able to
correctly indicate locations of above 70 % of the root plates, while the
share of false positives was less than 35 %. The parameters applied in
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Table 3

Number of different understory objects distinguishable in the differential model
and mapped in the field and of different types of root plates in category 2
mapped in the field divided into study plots.

object category study plot
Bl B2 G1

young conifers 16 53 6
CWD piles 8 1 1
brooken tree trunks 1 3 9
root plates pinned by tree stems 6 3 4
root plates overgrown by vegetation 14 3

eroded root plates 16 5 7

optimal filtering rule 1 were characterized by some variability in the
distribution of values between the root plates and false positive groups.
For area (AR), the majority of false positives had area values less than
0.64 m? (3rd quantile). The area of the majority of the root plates was
greater than 0.69 m? (the 1st quantile value) (Fig. 4A). Booth values
were almost the same (0.05 m? difference). Hence, for the AR parameter
the value being around the 3rd quantile of FP and the 1st quantile of RP
(i.e. 0.7 m?) was considered as an initial threshold value. Then we tested
other decimal threshold values in the specified neighbourhood of the
initial threshold. In this study, we checked the values in the neigh-
bourhood of +/- 0.3, i.e. 0.4-1 (Table 2S). For the polygon compactness
index (PC), almost all values of descriptive statistics measures for the
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root plate (RP) and false positive (FP) groups were nearly the same
(Fig. 4B). However, in the FP group, the maximal PC value was 4.25,
while in the RP group — 2.38. For the PC parameter, the initial threshold
value of 2.0 was obtained through 1) GIS analysis of the polygons and 2)
visual analysis of the distribution plot. Then the decimal threshold
values in the neighbourhood of +/-0.3 were checked (Table 2S). For AR
and PC, other initial threshold values and neighbourhood values may be
specified when aligning the method for a different dataset. The Mann-
Whitney U test indicated significant differences between RPs and FPs
for the area (p value < 0.0001) and the polygon compactness index (p
value < 0.0001) (Fig. 4A, B).

The other filtering rules presented in Table 2 achieved different RP
detection rates and FP shares. The filtering rule that correctly detected
the highest number of root plates reached 89.6 % and 86.1 % for the G1
and B1&B2 plots, respectively. However, this high RP detection rate was
accompanied by a high share of FPs, up to 59.9 % for G1 and 57.2 % for
B1&B2 (Table 2, no. 2). A filtering rule that significantly reduced the
share detected 67.8 % of the RPs in G1 (with a FP share of 15.2 %) and
62.9 % of the RPs in the B1&B2 plots (with a FP share of 33.2 %)
(Table 2, no. 1). The presented optimal filtering rules detected
65.8-70.8 % of the RPs in B1&B2 and 79.1-80 % in G1. According to
these rules, the share of FPs was 33.3-34.7 % for B1&B2 and 19.6-22.2
% for G1 (Table 2, nos. 3-6). Of all the tested filtering parameters (AR,
PC, VHM_max, and CVHP), VHM_max was found to be inappropriate.
For the analyzed optimal filtering rules, this parameter had no influence
on the fluctuations in the RP detection rate. The AR and PC parameters
were the most useful. CVHP was important only when maximizing the
RP detection rate; however, it was associated with a high FP share
(Table 2).

3.1.3. Differential model (DM) analysis

In terms of computing methods, the differential model allowed us to
capture not only root plates but also different objects occurring in the
understory, such as young trees, coarse woody debris (CWD) and broken
tree trunks (Fig. 5, Fig. 6, Table 3). Root plates in category 1 (fresh,
clearly visible) were distinguishable in the DM as elongated clusters of
pixels with relatively high values (above 0.5-1 m). The trunks of the
uprooted trees (which in national parks are left intact for natural
decomposition) were clearly visible in the DM and, in most cases, could
be linked to specific root plates. The trunks became apparent as lines
consisting of pixels with values of 0.2-0.5 m and perpendicular to the
longer axis of the root plates. There was also a large amount of coarse
woody debris not related to any of the root plates. They appeared as lines
of pixels with values above 0.2 m. Regarding the CWD piles, the pixel
values were above 1.5 m (Fig. 6, Table 3). Considering the root plates of
category 2 (overgrown or eroded), the clusters of pixel values were not
as elongated as those in the case of the root plates of category 1. For the
root plates in category 2, the tree trunks were frequently not clearly
visible. In several cases, the CWD was located on the top of the root
plates of category 2, causing difficulties in identifying clusters of pixels
related to the root plate (Fig. 6, Table 3). The number of root plates in
category 2 that were pinned by tree stems, overgrown by vegetation and
eroded divided into study plots is presented in Table 3. In some cases,
different understory objects were also distinguishable in the DM (Fig. 6,
Table 3). Standing broken tree trunks were visible in the DM as clusters
of pixels with values less than 1 m. Young coniferous trees were repre-
sented in the DM as circular or elongated groups of pixels with values
greater than 0.5 m. In most cases, for such clusters, there were no lin-
early shaped pixels related to the fallen tree trunk (Fig. 6, Table 3).

3.1.4. Impact of point cloud density on the root plate detection rate
Identifying the optimal point cloud density for root plate detection is
crucial for 1) assessing the possibility of using given LiDAR data to
detect root plates, 2) performing computations as quickly and efficiently
as possible, and 3) minimizing the disc space occupied by point cloud
data. The tests performed indicated the significant impact of point cloud
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density on 1) the number of detected root plates and 2) the share of false
positives. The root plate detection rate achieved the highest level for a
point cloud density interval of 8-20 pts/m? (Fig. 7A). The share of false
positives decreased as the point cloud density increased (Fig. 7B). The
highest root plate detection rate, above 85 %, was achieved in G1 for a
point cloud density of 20 pts/m? For plot B1, the highest root plate
detection rate of nearly 80 % was reached with a point cloud density of
17 pts/m2. Considering plot B2, using the point cloud with a density of 8
pts/m? resulted in the highest root plate detection rate of approximately
75 %. For a point cloud density interval of 0.1-8 pts/m?, the root plate
detection rate exponentially increased. For the B1 and B2 study plots,
the root plate detection rate decreased when the point cloud density
interval was 18-25 pts/m?. For plot G1, this decrease was noted in the
point cloud density interval of 20-30 pts/m?. In all the study plots, for
point cloud densities above 25 pts/m?2, the root plate detection rate was
constant at 70-85 % (Fig. 7A). The decrease in the share of false posi-
tives was the greatest with the point cloud density interval of 0.1-18
pts/m?. For point cloud densities above 18 pts/m?, the FP share slowly
decreased in the interval of 33-22 % for plots G1 and B1 and 46-43 %
for plot B2 (Fig. 7B).

3.2. Biotransport estimation

After applying three approaches (FM, CNT, ZS), in most cases, the
estimated biotransport was not equal (Fig. 8). The contour lines (CNT)
approach resulted in lower estimations of biotransport than did the
zonal statistics (ZS) approach. The Kruskal-Wallis test confirmed the
statistical significance of these differences. The difference between CNT
and ZS was significant (adjusted p-value pHolm-adj = 0.03) (Fig. 8). At B,
the volumes estimated using FM were lower than those estimated using
CNT and ZS, and the differences FM — CNT and FM — ZS were significant
(PHolm-adj = 0.02 and pyoim-agj < 0.0001, respectively). In this study plot,
there was no significant difference between volume values calculated
applying the CNT and ZS approaches (Fig. 8, B1). For plot B2, no sig-
nificant differences were found (Fig. 8, B2). Considering plot G1, the
volumes estimated using FM were significantly lower than those esti-
mated using point cloud (PHolm-adj < 0.0001), and there was no statis-
tically significant difference in the distribution of volume values
between CNT and ZS (Fig. 8, G1). According to the field measurements,
the mean root plate volume was 2.2 m® (2.11 m® in B1, 2.45 m? in B2
and 2.01 m® in G1). When considering the CNT approach, the mean root
plate volume was 2.99 m? (2.82 m® in B1, 2.5 m? in B2 and 3.56 m® in
G1). According to the ZS approach, the mean root plate volume reached
3.35 m® (3.16 m® in B1, 2.83 m® in B2 and 3.96 m® in G1). The mean
biotransport and the overall biotransport divided into particular plots
(each with an area of 1 ha) are presented in Table 4.

4. Discussion
4.1. Factors impacting the accuracy of the proposed method

We showed that root plates can be detected with the use of LiDAR
point clouds. The volume of individual root plates can also be calculated;
thus, we can automate the biotransport estimation driven by the
treethrow process. However, the accuracy of the method described in
this study depends on many factors, which can be divided into two major
groups: 1) environmental factors and 2) factors related to data acquisi-
tion and processing. The environmental factors include 1) forest
ecosystem recovery after wind disturbance, 2) the size and shape of root
plates and 3) the size and spatial configuration of coarse woody debris
(CWD). With respect to root plate detection, the data-related factors
include 1) the point cloud density, 2) the method of differential model
computation, and 3) the filtering rules of DM-derived polygons.
Considering the biotransport estimation, the data and processing-related
factors include 1) fieldwork data quality, 2) accuracy of the root plate
boundary delineation, and 3) the adopted volume computation
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Fig. 8. Biotransport driven by tree uprooting estimated using field measurements and two proposed methods: contour lines and zonal statistics. Biotransport was

calculated for 1) all study plots, 2) plot B1, 3) plot B2, and 4) plot G1.

Table 4
Overall biotransport estimated in m>/ha using three different methods (FM,
CNT, ZS).

method Bl B2 G1 all plots (3 ha) mean
[m®/ha] [m®/ha] [m®/ha] [(m®] [m®/ha]
FM 109.59 225.33 193.37 528.29 176.1
CNT 146.6 229.97 341.32 717.89 239.3
A 164.36 260.64 379.87 804.87 268.3

approach. We discuss also the key parameters of the method that may be
important during its application.

4.1.1. Factors affecting root plate detection

Environmental factors strongly control the results of the root plate
detection workflow. Under the conditions of mid-latitude natural
coniferous forests, forest ecosystem recovery after wind disturbance is
driven mainly by spontaneous plant succession. In the Norway spruce-

11

dominated forests of the Western Carpathians (occurring in the study
plots), the windthrow areas were overgrown with silver birch (Betula
pendula Roth), goat willow (Salix caprea L.), rowan (Sorbus aucuparia L.),
and blackberry (Rubus fruticosus L.). There were also seedlings of Nor-
way spruce and other tree species, such as silver fir (Abies alba Mill.) and
European beech (Fagus sylvatica L.) (Franczak, 2013). The results of the
root plate detection might be controlled by the extent and structure of
the revegetation at the study site. The presented method achieved the
best result for the least overgrown study plot G1 (Fig. 5). The high
number of false positives in B2 (Fig. 5) may be related to the presence of
several young conifers in this plot (Table 3, Fig. 6). Within all the study
plots, deciduous trees (mainly silver birch) grew on the root plates of
category 2. However, deciduous trees did not contribute to the occur-
rence of false positives due to better penetration (compared to conifers)
by the laser beam, especially during the leaf-off season.

Root plates have different shapes and sizes controlled by tree features
(e.g., tree species, tree height and the properties of the root system) and
abiotic factors (e.g., soil and bedrock properties) (Schaetzl et al., 1989).

60:1139166291



J. Godziek

Therefore, the representation of individual root plates in the differential
model can vary. One root plate may sometimes form due to the
uprooting of two or more trees (Schaetzl et al., 1989). Such root plates
are usually larger than forms originating from one uprooted tree. When
developing the method, the influence of tree species was not considered,
as all the mapped root plates were formed by uprooted Norway spruces.
Perhaps the developed methods may also be effective for evaluating root
plates produced by other tree species. This requires further research
involving the calibration of different parameters and steps of the root
plate detection method.

The method was developed for Norway spruce, as this tree species is
very prone to uprooting due to the morphological properties of its roots,
as it can form shallow, wide, disc-shaped root systems (Tjoelker et al.,
2007). The probability of Norway spruce uprooting increases for 1)
swampy areas with high levels of groundwater and 2) shallow soils,
which occur on steep slopes or on boulders. Moreover, under the cli-
matic conditions of many mid-latitude mountain ranges (including the
Polish Carpathians), Norway spruce overgrows in high-altitude areas,
which are more exposed to high wind speeds than lower-lying slopes.
Under such conditions, Norway spruce stands are more likely to be
damaged by hurricane-force winds than stands of other species
(Mitchell, 2013). Gradation by insects, mainly the bark beetle (Ips
typographus L.), and prolonged drought periods, cause a decrease in
health conditions of Norway spruce and may increase the vulnerability
of stands to wind damage (Grodzki et al., 2006; Buma, 2015). All of the
abovementioned factors contribute to the lower resilience of Norway
spruce forest stands to wind-driven damage.

Coarse woody debris accumulates within the forest bottom during
and after forest damage events, and if not collected by foresters, it can be
an important source of biomass. One root plate is associated with at least
one CWD piece, so the number of CWD piles is at least as large as the
number of root plates. During extreme wind events, CWD can also form
as a result of stem breakage (Mitchell, 2013). This may increase the
amount of CWD at a particular windthrow site. The CWD hindered the
detection of root plates with the use of the proposed method when it was
lying 1) on the top of the root plate or 2) near the root plate. In both
cases, the presence of CWD caused an increase in the complexity of the
polygons extracted from the DM, which reduced the probability of root
plate detection. Piles of CWD, individual logs and snags sometimes
produced false positives (Fig. 6, Table 3). In contrast, the tree trunks
related to particular root plates were often clearly visible in the DM. In
future analyses, such CWD might be applied to extract information
about the direction (azimuth) of uprooted trees.

The performance of the proposed method was affected by factors
related to the data and to the processing techniques. The point cloud
density is important for accurate root plate detection (Fig. 7). Point
clouds of low density lower the method efficiency due to an insufficient
amount of data. We recommend using point clouds with densities
greater than 8 pts/m?. Similar results were obtained for CWD detection,
where a point cloud density less than 1 pts/m2 caused a significant
decrease in the detection rate. In this case, a point cloud density greater
than 16 pts/m? was considered appropriate for detecting CWD in
northeastern Minnesota, United States (Joyce et al., 2019).

For differential model computation, using the last return points
located up to 2 m above the ground resulted in a satisfactory level of
accuracy of the root plate detection algorithm. A similar approach
involving a maximum height filter of 1.3 m above the ground was pre-
viously applied to detect CWD (Joyce et al., 2019). However, the
approach implemented in the present study allowed the extraction of
root plates from LiDAR data but was not able to remove all false posi-
tives. The most common false positives were young conifers (Fig. 6,
Table 3), whose branch height was 0-2 m above the ground. They had a
very dense cover of branches and needles, and for this reason, the laser
beam could not penetrate through them. Therefore, the laser reflections
from young conifers were saved in the LiDAR data as the last return
points. Similarly, the laser reflections from CWD or broken tree trunks
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were also the last return points.

The aim of the DM analysis was to reduce the number of false posi-
tives resulting from the above-described LiDAR point patterns. The pa-
rameters tested in the procedure for finding the optimal filtering rule
were related to the geometry of the polygons (AR, PC, and CVHP; see
Table 2). This approach was successful at discriminating between root
plates and false positives (Table 2). The procedure of finding the optimal
filtering rule allowed us to find optimal threshold values of the area
parameter (Table 2, Fig. 4A). The applied procedure involving the PC
enabled the removal of complex polygons usually marking the locations
of CWD or young conifers (Table 2, Fig. 4B, Fig. 6). The VHM_max
parameter was found to be useless mainly because of 1) the similar
heights obtained for young conifers and for some root plates overgrown
by young deciduous trees and 2) the tall tree branches located above the
root plates. The direct proportionality of the relationship between the
root plate detection rate and the share of false positives detected in the
group of all tested queries (Fig. 4C) reflects the general observation that
if a given rule returns more root plates, it also returns more false
positives.

Of the different factors related to the data and processing, the results
of the root plate detection workflow were influenced mostly by the DM
computation procedure and by the DM-derived polygon filtering rules.
The point cloud density seems to be less meaningful as long as it is at a
sufficient level of > 8 pts/m?. The applied fieldwork procedure for root
plate mapping was accurate and allowed us to acquire precise location
data. Double-checking of the study plots ensured that all the root plates
were mapped; thus, mistakes resulting from fieldwork data are very
unlikely. All of the abovementioned environmental factors presumably
affected the detection results to a similar extent. The presented approach
performed well and detected most of the root plates (Fig. 5) despite the
passage of time since the occurrence of wind-driven forest damage
(Fig. 1) and the growth of the young tree generation. However, further
research is needed to test the method for different tree species and for
different environmental conditions (topography, forest type, etc.).

4.1.2. Issues related to biotransport estimation

The point cloud-based results of the biotransport estimation depen-
ded on the same environmental factors as the output of the root plate
detection. Generally, for several reasons, environmental factors cause
overestimation of the root plate volume. If a root plate was overgrown
by dense young trees that blocked the laser beam (17 cases; Table 3), the
differential model could have greater values, and the pixel cluster rep-
resenting such a root plate was complex (Fig. 6), which contributed to
volume overestimation. Regarding the root plate shape, narrow and
newly created root plates formed an overhang at the site opposite the
fallen tree trunk (Schaetzl et al., 1989), which was observed mainly in
plot G1. Under this overhang, there was no soil or roots, just empty
space; thus, the volume of soil and roots should not be taken into ac-
count when estimating the root plate volume. The airborne LiDAR laser
beam cannot penetrate this region to measure its dimensions. Therefore,
in such cases, the volume of the space under the overhang was included
in the overall root plate volume. However, our field survey confirmed
that such cases were quite rare and therefore had limited impact on
volume estimates. Considering the presence of CWD, in rare cases, CWD
located on the top of a root plate (Table 3) increased the values of the
DM. More frequently, smaller or larger parts of fallen tree trunks (root
necks) were incorporated into root plate boundaries (20 cases in B1, 32
in B2 and 37 in G1).

The factors related to the data and processing may also influence the
estimated biotransport. Regarding the root plate boundaries, the delin-
eation algorithm based on a DM threshold value of 0.1 m and on a 1-m
buffer around the root plate polygon (Fig. 3) could lead to the incor-
poration of the root plate boundary, not only the pixels representing the
root plate lying outside the root plate polygon. Within the 1-m bulffer,
pixels related to 1) fallen tree trunks (root neck) and 2) dense shrubs or
young conifers were also included. This may slightly increase the
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estimated root plate volume. Root plates neighbouring other CWD,
shrubs and young conifers could experience additional volume over-
estimation. Considering the possible impact of the different approaches
for volume computation, the slightly lower results of the CNT than those
of the ZS approach (Fig. 8) could be related to the way the volume was
estimated by these approaches. The volume computed using the over-
lapped polygons — slices with thickness of 0.1 m representing the DM
contour lines (CNT) — seems to better represent the real shape of the root
plate than the cuboids arranged side-by-side with base sides of 0.25 x
0.25 m and heights equal to the DM (ZS) pixel value (Fig. 3). The ZS
approach may also overestimate the volume because the parts of some
pixels slightly protrude from the root plate boundaries.

During the fieldwork, we measured the root plate dimensions as
accurately as possible to reduce errors resulting from measurement
inaccuracies. The equation applied to estimate root plate volumes
(Norman et al., 1995) is widely known and applied (Dabrowska, 2009;
Strzyzowski et al., 2018). This equation is considered a close approxi-
mation of the root plate volume (Pawlik, 2013). Other equations have
also been used (Reid, 1981; Putz, 1983; Beatty and Stone, 1986; Burns
and Tonkin, 1987; Gabet and Mudd, 2010; Richards et al., 2011). We
think that the equation applied in this study helps to accurately estimate
the root plate volume. However, such an estimate is limited to 1) three
values for each root plate and 2) approximating the root plate shape to
half of a rotational ellipsoid. The approaches based on LiDAR data use
several dozen DM pixel values for each root plate. Thus, the CNT and ZS
may better approximate the root plate volume than the FM. The ap-
proaches based on point cloud (CNT, ZS) have several advantages over
the FM approach, as they allow us to 1) quickly estimate the root plate
volume, 2) reduce the cost and time required for fieldwork, 3) widen the
spatial scale of the analysis, and 4) estimate and compare the root plate
volume for different time periods, depending on the LiDAR data avail-
ability. Although the results of the applied methods differed (p < 0.001;
Fig. 8), they had similar magnitudes. Thus, point cloud-based ap-
proaches can be valuable alternatives to approaches based on field
measurements.

4.1.3. Key parameters of the method

The proposed method of root plate detection and biotransport esti-
mation has several key parameters that may be important when the
method is applied 1) for different environmental conditions, and 2) for
LiDAR data with different properties. These parameters include 1) the
height above the ground of the last return points to be interpolated as
DM, 2) spatial resolution, 3) contour line interval and the heights of the
contour lines for polygonization, 4) the rule of the root plate polygons
filtering, and 5) the buffer distance and minimum DM value while
delineating the RP boundary.

The DM was interpolated using the last returns located up to 2 m
above the ground. The majority of root plates in all study plots had a
height lower or slightly higher than 2 m. Filtering the point cloud using
the 2 m above ground height threshold allowed to capture all root plates
in the DM. However, when performing the analysis for root plates
significantly higher or significantly lower than 2 m this threshold should
be around the maximal possible height of the root plates. The spatial
resolution of 0.25 m was considered effective and optimal for research
on root plates. Using higher resolution will result in smoother and more
detailed DM and may improve the accuracy of root plate volume esti-
mation. Nevertheless, computations in a higher resolution will be time-
consuming, and the quality of the final result may be similar to the result
presented in this paper. Applying lower resolution may shorten the
computation time, but can also lead to incorrect results, as the pixel size
will be too big to effectively present the root plate shape. The contour
lines at the heights of 0.5, 1, and 1.5 m had oval, closed shapes on root
plates. Applying three height thresholds enabled the detection of root
plates of different sizes. The number of height thresholds may be lower,
and the threshold elevations can be different, depending on the specific
properties of the investigated root plates. However the shape of the
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contour lines extracted for polygonization is dependent on the filtering
rule, i.e. all polygons that satisfy the rule (have a sufficiently large AR
and a sufficiently low PC) are considered root plates. For effective
detection of root plates of different sizes, we recommend using three
height thresholds. The contour line interval of 0.1 m allows efficient
visualization of the DM, supports the selection of different height
thresholds, and provides accurate results of the volume estimation by
the CNT approach. Despite this if the detailed data inspection is not
required, to shorten the computing time the contour line generation
could be reduced to delineate only the contours of the selected height
thresholds. The filtering rule using AR and PC parameters could be
modified for different study cases. However, such modification should
be justified by the analysis of the distribution plots grouped into root
plates and false positives. When dealing with very large root plates, the
root plate polygon filtering threshold of area < 5 m? should be increased
depending on the largest root plate size observed in the field or identi-
fied during data analysis via GIS software. The parameters used in the
root plate boundary delineation (buffer distance 1 m and DM >= 0.1 m)
are effective for this purpose. Other values of these parameters could
also be tested in future studies to optimize the way of the RP boundary
extraction.

4.2. Detection of root plates and biotransport estimation in the light of
previous research

The results of this study represent the first attempt to use remote
sensing data (LiDAR point clouds) for the detection and volume esti-
mation of the root plates of uprooted trees. However, numerous studies
have considered a similar problem of the application of LiDAR point
clouds to investigate coarse woody debris (CWD). Downed trees in
Northeast Germany were identified from dense LiDAR data by applying
point cloud normalization and filtering the data according to a
normalized point height threshold of < 2 m and a laser echo width of <
4.5 ns. This approach allowed to fully detect 37.3 % and partly detect
33.2 % of the stems (Miicke et al., 2012). For areas located in Southwest
Sweden, another approach applied line template matching algorithms
together with point cloud filtering using a normalized point height in-
terval of 0.2-1 m, which resulted in 41 % precision in detecting field-
measured stems (Lindberg et al., 2013). The CWD detection approach
involved extracting first returns from the LiDAR data and filtering them
using a normalized point height threshold of < 1.3 m to extract locations
where 23 % of the CWD was measured during fieldwork in areas located
in Northeastern Minnesota, United States. The logistic regression models
showed that CWD detection rates were greater than 50 % for logs with a
diameter > 0.3 m and a point cloud density of 7-8 pulses/m? (Joyce
et al., 2019). All of the above-described approaches used different
methods of point cloud filtering, with height thresholds of 2 m, 0.2-1 m,
and 1.3 m. Further filtering of the point cloud was based on laser echo
width or on selecting the first returns. Similarly, we applied a height
threshold of 2 m and extracted the last returns.

A method for detecting windthrown trees under a forest canopy
based on the difference between two elevation models obtained from the
same LiDAR data was applied for a Norway spruce-dominated stand in
South Sweden. Template matching applied to the difference image
allowed to detect 38 % of the trees and 89 % of the trees taller than 27 m
measured in the field (Nystrom et al., 2014). This approach used a dif-
ferential model to locate the detected objects, which was similar to the
workflow of DM computation adopted in this study. LiDAR data were
used to produce different raster layers that were used in object-based
image analysis (OBIA). This approach allowed to detect 73 % of the
logs digitized previously on the orthophotomap (Blanchard et al., 2011).
Using the point cloud with a density of 15 points/m? enabled detection
of 78 % of the largest fallen trees (with a diameter at breast height > 3
m) in Finnland (Heinaro et al., 2021). LiDAR data were also applied to
automatically detect instream dead wood via point cloud filtering and
skeletonization for 9 streams located on Vancouver Island, Canada. For
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different streams, the detection accuracy varied from 37- 87 %, with a
mean of 63 % (Dakin Kuiper et al., 2023). Such a variation in detection
rates could have been conditioned by the variability of environmental
features in each studied stream (including dead wood properties). The
quite low CWD detection rate reported by several studies (Nystrom
etal., 2014; Joyce et al., 2019) was related mainly to CWD size and point
cloud density. Similarly, the root plate detection method was affected by
the root plate size. The presented workflow enabled the detection of the
majority of root plates of the most common sizes. However, the DM
might not capture very small or very thin root plates.

Similar to the presented root plate detection and volume estimation
method, the CWD detection methods were based on a deterministic
approach that was quite effective at extracting the studied objects from
the LiDAR data and their derivatives. Unlike most of the mentioned
CWD detection approaches, we performed analysis on the raster model
(DM). The DM was the base used to delineate contour lines, which were
subsequently used to extract the root plate locations (Section 2.3.1).
Contour lines have been applied to other relief features, such as karst
landforms (Liang et al., 2014), closed depressions (Wu et al., 2015), and
pit-mound topography (Godziek and Pawlik, 2023). The contour line
approach is intuitive and performs well for different types of landforms,
especially for microrelief forms. Perhaps other approaches (i.e., OBIA,
template matching) might also be applied to extract root plates from the
DM. However, due to the various environmental and technical factors
(similar to those described in Section 4.1), these algorithms can also be
prone to different inaccuracies. The procedure applied in this study,
based on DM-derived contour lines and on filtering of selected contour
line polygons, achieved a root plate detection rate of 70-80 % (Fig. 5).
This accuracy is comparable to the results achieved in research on CWD
detection.

The CWD detection errors were associated with clusters of downed
logs and with logs covered with vegetation or under a tree canopy
(Blanchard et al., 2011). The presence of dense tree canopy caused a
lowering of the number or the absence of near-ground returns and hence
the problems with CWD detection (Joyce et al., 2019). Similarly, the
root plate detection rate in our method was also influenced by 1)
vegetation overgrowing the windthrow site, and 2) the presence of root
plates overlapping with CWD or with other root plates. Another source
of errors was the quality of the applied elevation models and the used
LiDAR data filtering rules (Miicke et al., 2012). This relates also to the
study presented in this paper, as the data processing workflow and the
patterns present in the data might be an important source of errors. The
errors were also related to the data quality, as the detection of CWD was
impossible for point clouds with a pulse density below 1 pls/m? (Joyce
et al., 2019). Also, root plate detection was impossible for point clouds
with low density (Fig. 7).

Most of the past research on root plate volume estimation was con-
ducted in coniferous or mixed temperate forests (Kotarba, 1970; Dab-
rowska, 2009; Gallaway et al., 2009; Phillips et al., 2008; Strzyzowski
et al., 2018), similarly as the study presented in this paper. Some studies
involved investigation of the area previously affected by the wildfire
(Gallaway et al., 2009) or a windthrow caused by the tornado (Phillips
et al., 2008). The obtained estimations of root plate volumes (and thus
the biotransport) are similar or slightly greater than the results pre-
sented in the literature. The mean volumes estimated for different study
plots located in the spruce forest belt of the Tatra Mts., Poland, varied
between 1.8 and 3.6 m® (Kotarba, 1970), however, these results were
overestimated (Norman et al., 1995). In the Slovak part of the Tatra
Mts., the mean root plate volume in the spruce forest belt was estimated
to be 1.9 m® (Dabrowska, 2009). For natural beech-fir forests in Czechia,
the mean root plate volume of Norway spruce reached 5.6 m® (Pawlik,
2013, after Samonil P. (unpublished data)). The estimated mean volume
of root plates in coniferous forests in North America varies from 0.7-1 m>
in British Columbia, Canada (Gallaway et al., 2009), 2 m® in Arkansas,
United States (Phillips et al., 2008), and up to 4 m® in Washington,
United States (Reid, 1981). In the present study, the estimated mean root
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plate volume reached 2.2 m? for FM, 3 m® for CNT and 3.35 m? for ZS
(Fig. 8). These results fit the range of Norway spruce root plate volumes
estimated in the abovementioned research (1.8-5.6 m°) and support the
application of LiDAR data for root plate volume estimation. However,
due to the discrepancies in results, there is a need for further research on
this topic aiming at finding as accurate solution as possible.

4.3. Potential applications of the proposed method

The method proposed in this study has a wide range of applications
in science and practice, particularly in geomorphology, soil science, and
forest ecology and management. Root plate forms resulting from tree
uprooting are important for understanding microscale slope and soil
formation processes and forest ecosystem transformation related to
wind-driven disturbances. Information on the quantity, spatial distri-
bution, and volume of root plates can support the planning of fieldwork
by foresters after a disturbance.

If point cloud data are available, the method may be applied to assess
the amount and spatial distribution of root plates. Such analysis might
be combined with root plate volume estimation (and thus biotransport
estimation). Fieldwork performed at selected small areas can confirm
the results of root plate detection and volume estimation. This approach
can also enable the evaluation of 1) the impact of treethrow on pit-
mound microrelief formation and 2) the influence of different environ-
mental factors (tree stand properties, topography, etc.) on the intensity
and occurrence of tree uprooting. Estimating the root plate volume with
the use of point clouds acquired by repeated scanning during different
periods may help to assess the rate of root plate erosion and deteriora-
tion. Because root plate mapping is time-consuming and often difficult
in steep mountain areas, the spatial extent of past studies on this topic is
rather limited (Schaetzl and Follmer, 1990; Pawlik et al., 2013; Samonil
et al., 2015; Phillips et al., 2017; Strzyzowski et al., 2018; Greenwood
et al,, 2021). The method described in this study may facilitate
geomorphological research on root plates and expand their spatial and
temporal scope.

Considering the potential applications in soil science, the developed
method may be important for assessing the impact of tree treethrow on
soil mixing and development. This method may allow us to map zones
with different degrees of tree uprooting impact on soils. Other applica-
tions include 1) finding and selecting study sites appropriate for
analyzing soil formation under the influence of treethrow and 2)
exploring the relationships between tree uprooting frequency and soil
properties and age. The workflow of root plate volume estimation
applied to multitemporal LiDAR data could be used to estimate 1) the
root plate deterioration rate over time and 2) the soil turnover time (i.e.,
to count how many times a given soil could be transformed by the tree
uprooting process). Previous studies have linked the tree uprooting
process to the impact of trees on soils and their properties (Samonil
et al., 2010b; Richards et al., 2011; Kooch et al., 2012). The presented
method may aid further investigations of the relationship between
treethrow and soils.

The method can also be applied in forest ecology research. A forest
ecosystem is a dynamic assemblage of various natural components that
develop and change over time (Mitchell, 2013). Investigating post-
disturbance forest recovery processes is crucial to understanding long-
term forest dynamics (Buma and Schultz, 2020; Buma and Wessman,
2011). Specifically, the method could be applied to 1) delineate forest
stands affected by strong winds, 2) quantify the amount of wind-driven
forest damage, and 3) find potential study sites for detailed ecological
research on windthrows. The root plate volume estimation workflow
applied to multitemporal LiDAR data could be used to investigate the
impact of root plate erosion on changes in understory plant commu-
nities, for example, plant succession on root plates. The method may be
applied to monitor long-term changes in the spatial distribution of
windthrows and post-disturbance forest recovery.

The practical applications of the proposed method are seen in
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forestry, particularly in forest management and protection. ALS LiDAR
surveys have become cheaper and easier to perform with the use of
UAVs. Since the late 1990 s and early 2000 s, LiDAR data have been
widely used in forestry (Means et al., 1999; Pirotti, 2011; Lisiewicz et al.,
2022). Moreover, point cloud data are increasingly important, especially
in areas affected by forest damage, including damage caused by wind.
When acquiring LiDAR data just after damage, the workflow of root
plate detection may be used to create an inventory of potential root
plates. This may accelerate the planning of forest works after a wind-
throw event. The root plate can also be a source of wood. Therefore,
foresters can use the proposed root plate detection algorithm to extract
locations and estimate the potential number of root systems harvested
during forest works. In addition, slopes affected by windthrow have an
increased susceptibility to erosion and thus may be less stable (Strzy-
zowski et al., 2021; Mauri and Tarolli, 2023). Hence, the method can be
applied by geotechnical engineers to 1) delineate the zones affected by
the treethrow process and 2) assess the scale of impact of this process on
soil. Such information can be used for further study of different soil
properties, which can help to assess slope stability. The method can also
be applied in forest protection to delineate and monitor windthrow
areas, which should be placed under strict protection to observe the
natural processes of forest recovery.

5. Conclusions

In different types of forest ecosystems around the world, tree
uprooting plays crucial role in long-term forest dynamics. Applying
point cloud data to investigate the effects of treethrow may improve the
understanding of the scale and course of various environmental pro-
cesses related to this phenomenon. The novel approach presented in this
study might be widely applied to map root plates and estimate their
volume. This could lead to significant progress in numerous scientific
fields, such as geomorphology, soil science and forest ecology. The
development of potential practical applications of the presented method
may contribute to progress in forest management and protection.

The analysis presented in this study indicated that LiDAR point cloud
data can be applied to 1) extract the location of the root plates of
uprooted trees and 2) estimate their volume, and hence to estimate the
biotransport driven by the tree uprooting process. The fieldwork
allowed us to compare the results of point cloud processing with the real
locations of the root plates and thus to validate the performance of the
chosen approach. The root plate detection rate was 70-80 %. The results
of the root plate volume estimation fit the range of past estimations from
various regions and forest ecosystems. In future studies, field root plate
measurements and volume estimations could be independently
confirmed by using LiDAR data and the method presented in this study.
However, the method accuracy was negatively affected by environ-
mental and data-related factors. Despite these difficulties, the method
achieved efficient performance (Fig. 5, Fig. 8).

Based on the presented results, several recommendations can be
proposed. 1) The minimum LiDAR data density to apply the proposed
method is 8 pts/mz. 2) The method was developed based on root plates
of uprooted Norway spruces; thus, we recommend applying the pre-
sented workflow to such stands. When applying this method to other
tree species, the height of the contour lines used to extract root plates
from the DM and the polygon filtering rule (threshold values for AR and
PC) may require changes. 3) The occurrence of young conifers may in-
crease the number of false positives; hence, for windthrows overgrown
by such young trees, we recommend treating the results with caution.
For such windthrows, the possible overestimation of the number of root
plates results from a compromise between the accuracy of the method
and its applicability for large areas. 4) We recommend using a raster
spatial resolution of 0.25 m (as in this study), which is a good
compromise between a sufficient level of detail and possibly the lowest
amount of disc space required. 5) The method was developed for pro-
tected forest stands located in national parks; thus, we recommend the
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described workflow mainly for monitoring strictly protected stands or
forests mostly undisturbed by human activity. When using this method
in forest management, LiDAR data should be acquired before starting
any forestry work that may disturb the root plate layout.
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ARTICLE INFO ABSTRACT

Keywords: Pit-and-mound topography is a result of tree uprooting caused by hurricane-force wind events and hence can act
pit-mound topography as a bioindicator of forest disturbance. The occurrence and evolution of pit-mound topography can be analyzed
L%D_AR . using detailed elevation data, such as point clouds from Light Detection and Ranging (LiDAR) surveys. The
digital elevation model objective of this study was to develop an automatic method of pit-mound topography detection. We propose the
geomorphometry

usage of closed contour lines to extract the locations of pits and mounds. We performed analyses in two study
areas (Markowa and Stonéw) located on the Babia Gora Massif (southern Poland). We computed the digital
elevation model (DEM), extracted contour lines, calculated the length of each contour line and selected only
closed contours belonging to a specified length interval. Then, we created polygons from the outermost closed
contour lines. We classified polygons into “pits” and “mounds” by investigating the location of the highest and
lowest altitudes within the polygon. We tested 27 variants of our method using different DEM spatial resolutions,
contour intervals and contour length intervals. To estimate the accuracy of our method, we created a validation
dataset by performing manual recognition of pit-mound pairs based on the topographic position index (TPI). One
of the highest accuracies, obtained for the 1st variant of our method, reached 96.9 % for pits, 93.8 % for mounds
and 90.6 % for pit-mound pairs in the Stonéw area. In the Markowa area, this variant achieved an accuracy of
95.2 % for pits, 90.5 % for mounds and 85.7 % for pit-mound pairs. Our method can be used as an important step

R programming
Polish Carpathians

in analyses conducted in forest ecology, geomorphology or soil science.

1. Introduction

Living organisms act as geomorphic and pedogenic agents and
impact the evolution of hillslope relief and soils (Schaetzl et al., 1990;
Gabet et al., 2014; Ocko et al., 2019; Meng et al., 2022). In forest eco-
systems, tree uprooting, caused by hurricane wind events or ice storms,
is the most widespread process. Combined with subsequent erosion of
the displaced soil material, this process leads to the formation of the so-
called pit-and-mound topography (Ulanova, 2000; Samonil et al.,
2010a, 2010b; Pawlik et al., 2013). This unique type of microrelief oc-
curs all over the world in tropical, subtropical and temperate forests
(Putz, 1983; Jane, 1986; Clinton and Baker, 2000; Kooch et al., 2014)
and is a clear bioindicator of forest dynamics related to climate events
(Schaetzl et al., 1989; Hellmer et al., 2015; Pawlik et al., 2016).

To date, studies on pit-mound topography have attempted to
investigate the following issues: 1) storage of nutrients in soils under
old-growth forests (Liechty et al., 1997), 2) species composition of

understory vegetation in forests (Kooch et al., 2012), 3) tree stand dy-
namics in old-growth forests (Ulanova, 2000; Samonil et al., 2009), 4)
pedoturbations and pedogenesis under the repeated impact of the tree-
throw process (Phillips et al., 2008; Samonil et al., 2016; Pawlik et al.,
2017), 5) detection and radiocarbon dating of pit-mound forms
(Embleton-Hamann, 2004; Samonil et al., 2013), 6) application of
geophysical methods to investigate the internal structure and properties
of tree-throw pits and mounds (Pawlik and Kasprzak, 2015, Pawlik and
Kasprzak, 2018), and 7) biotransport (Gabet et al., 2003; Gallaway et al.,
2009; Pawlik et al., 2013; Doane et al., 2021). In addition, pit-mound
topography has been analyzed in terms of water retention and hydro-
logic modeling (Valtera and Schaetzl, 2017), as well as soil erosion and
biotransport (Gabet et al., 2003; Gallaway et al., 2009; Constantine
et al., 2012; Pawlik et al., 2016; Strzyzowski et al., 2018). Barker Plotkin
etal. (2017) compared the formation of pit-mound topography between
old-growth and second-growth forests and pointed out the possible in-
fluence of humans on the formation of this type of relief. Other studies
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have investigated relict pit-mound topography preserved in mountain
meadows (so-called hummocky meadows) (Embleton-Hamann, 2004;
Pawlik et al., 2019).

In recent years, the availability of detailed elevation data (especially
Light Detection and Ranging (LiDAR) surveys) has significantly
increased. Such data are very often used for the detection of different
types of microrelief forms, particularly of anthropogenic origin, such as
pitfall traps (Trier and Pilg, 2012), cache pits (Cody and Anderson,
2021), burial mounds (Freeland et al., 2016; Niculita, 2020), charcoal
kilns (Rutkiewicz et al., 2017), and agricultural terraces (Tarolli et al.,
2015). LiDAR data are also applied to detect microrelief forms produced
by biotic factors, such as termite and ant mounds (D hont et al., 2021)
and mima mounds (Gabet et al., 2014). Many authors have tended to
propose methods of automatic detection of microrelief forms (Trier and
Pilg, 2012; Freeland et al., 2016; Davis et al., 2019a). Automation have
numerous advantages over manual, “on-screen” data analysis. Auto-
matic methods are much more objective (Trier and Pilg, 2012) and can
be applied to the examination of large areas (Meyer et al., 2019; Trier
et al., 2019). In addition, such methods allow us to determine the
location of many previously undetected forms, which can significantly
accelerate the scope of their inventory (Riley, 2009; Schneider et al.,
2015; Freeland et al., 2016). However, automatic detection methods are
characterized by certain inaccuracies. Therefore, various techniques for
accuracy assessment are used (Howey et al., 2016; Niculita, 2020) or an
estimated probability of the occurrence of a given form is presented
(Guyot et al., 2018; Davis et al., 2019b).

Most past research has focused on detecting forms of anthropogenic
origin. Because of the more regular shapes of such forms, their detection
seems to be easier in comparison with mapping the forms of biotic
origin, which frequently have irregular shapes. Only a few studies have
looked at the usage of LiIDAR data application in research on pit-mound
topography. Doane et al. (2021) attempted to quantify hillslope sedi-
ment flux caused by tree throw with the use of a digital elevation model
(DEM) produced on the basis of a LIDAR survey. For quantification, they
needed to build a model of a typical pit-mound pair based on forms
mapped on a 1 km? plot of land. However, their overall analysis was
focused on slope-scale estimations, and they did not extract precise lo-
cations of pit-mound pairs through the application of any dedicated
method.

The consideration of the detection of pit-mound topography is
important for several reasons. First, this topography is a direct bio-
indicator of the past forest disturbances that were caused by strong wind
events or ice storms (Schaetzl et al., 1989; Hellmer et al., 2015). Wind is
the most common factor of tree uprooting and breakage in temperate
forest zones (Schelhaas et al., 2003; Samonil et al., 2009). If detected,
the topography can serve as proxy data on past forest and hillslope dy-
namics. Second, this type of topography is evidence of past pedoturba-
tions that can have a key meaning in soil development and influence its
physical and chemical properties. For instance, soil profile upbuilding is
evident within tree-throw mounds. In addition, organic matter accu-
mulation and stronger leaching are frequently observed soil profile
properties within tree-throw pits (Samonil et al., 2010a, 2010b; Pawlik
et al., 2013).

LiDAR data analysis offers significant opportunities in terms of the
extraction of various types of information from digital elevation models
(Freeland et al., 2016; Niculita, 2020). This may include precise infor-
mation on the position and geomorphometric parameters of pit-mound
pairs. High-resolution DEMs can be used to study the spatial extent and
stage of development and degradation (denudation) of pit-mound
topography. Such research can expand our knowledge of the magnitude
of wind effects on forest floor microrelief changes caused by the tree
uprooting process. In addition, such knowledge would be crucial for
research on forest ecosystem dynamics (disturbances and regeneration).
Measuring different morphometric parameters of particular forms might
be applied to assess the stage of their development. Modern tools (e.g., R
programming language) can be used to automate DEM analysis. This can
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help to examine large areas in terms of pit-mound topography occur-
rence and the level of its development.

The objective of this study is to develop an automatic unsupervised
method of pit-mound topography detection. First, we describe in detail
the proposed contour method (CM). Second, we show how the proposed
method was optimized and validated using reference data. Third, we
explore the spatial patterns of the detected probable locations of
pit-mound pairs and compare them against terrain morphometric
properties. Fourth, we show ways of potential application of the method
and pit-mound topography significance from the viewpoint of geo-
morphology and forest ecology. We investigated two study areas located
on the Babia Goéra Massif (southern Poland). Analyses are based on
DEMs produced from publicly accessible LiDAR data (Geoportal, 2022).

2. Background

There are various microforms of biological activity, including
earthworm casts, which can be up to several centimeters high (Darwin,
1881), and spectacular termite mounds, which can reach a height of 2-3
m (Davies et al., 2014). Tree-throw pit-mound forms are among the
most complex surficial forms that originate from the disturbance
(uprooting) of living or dead trees. Tree uprooting can be a result of
wind impacts or ice storms (Schaetzl et al., 1989; Pawlik, 2013; Hellmer
et al., 2015). Such forms typically consist of two components: 1) pits
(places occupied by tree-root systems before uprooting) and 2) mounds,
which are a result of root-plate degradation and root wood decompo-
sition of uprooted trees. Tree root-plate degradation and mound for-
mation can take several years, and their rate is mainly related to climate,
soil conditions, and root-plate volume (soil volume + root volume)
(Fig. 1S, Supplementary Materials). For instance, the rate of root-plate
degradation in Michigan, USA, was estimated at 5-10 years (Schaetzl
and Follmer, 1990), whereas in the flysch zone of the Czech Republic, it
was 50-60 years (Samonil et al., 2009). Both forms add to the
complexity of the hillslope topography (roughness, surface wash con-
nectivity and continuity) that greatly impact geomorphic activity
(transport, erosion) and soil processes (Pawlik et al., 2016; Samonil
et al.,, 2010a). Their spatial density can be up to 1200 forms per ha
(Lyford, 1966), and their age can reach even 6000 years (Samonil et al.,
2013). Tree-throw pit-mound pairs can pose a problem during any
attempt at their recognition in very high-resolution LiDAR-based DTMs.
However, there are several clues that can help to detect such forms: 1.
adjacent position of tree-throw pits and mounds because they are a
result of the same event acting upon a single tree; 2. on steeper hill-
slopes, mounds tend to form downslope of adjacent pits; 3. mounds are
not higher than 0.5-2 m, and pits are not deeper than 0.5-2 m; and 4.
pits are places of water accumulation that can be visible in models of the
topographic wetness index (TWI). On the other hand, in recent decades,
researchers have reported a wide range of various pit-mound forms that
are hard to generalize, and their correct recognition can only be realized
during detailed fieldwork surveys (mapping and excavation). Existing
estimations of root plates mean volumes range from 0.1 in British
Columbia (Gallaway et al., 2009) to 4.0 m? in the Sudety Mountains,
Poland (Pawlik et al., 2016). However, the mean volume of tree-throw
mounds can reach 3.0 m® in forests of Mazandaran Province, Iran
(Kooch et al., 2012).

3. Materials and methods
3.1. Study area

For a detailed study, we selected two areas: Markowa and Stonéw
(Fig. 1). They are located close to each other at the northern foot of the
Babia Goéra Massif (1725 m a.s.l., Polish Western Carpathians). Their
areas are 62.5 and 44.9 ha for Markowa and Stonéw, respectively. The
altitudes of the examined areas vary between 779 and 911 m a.s.l. for
Markowa and between 799 and 905 m a.s.l. for Stonéw. Both areas are
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Fig. 1. Two study sites (Markowa and Stonéw) and their locations within the Babia Géra Massif (1725 m a.s.l., Polish Western Carpathians).

gently sloped, with a predominance with a northern aspect. Hillslopes
are incised by a few stream valleys in a S-N direction. The bedrock is
composed of alternating layers of shales and sandstones forming flysch.
Major parts of both areas are occupied by Quaternary sands and gravels
of presumed fluvial origin (Ksiazkiewicz, 1971; Detailed Geological Map
of Poland, 2019).

The Babia Géra Massif is characterized by a moderate warm transi-
tional climate, with a strong altitude impact. The northern foot of the
massif is located in a moderate warm zone, with a mean annual tem-
perature of approximately 6 °C (Wypych et al., 2018). For the Zawoja
climate station, located ca. 1 km from the Markowa study area
(19.51866°E, 49.61176°N), the mean annual temperature in the
1961-2018 period reached 6.4 °C, and the mean annual precipitation

during the same period was 1228.7 mm (IMWM — NRI, 2022). The Babia
Gora Massif is the highest part of the Western Beskidy Mountains, with
no mountains of similar height within a few dozen kilometers. There-
fore, the massif forms a significant natural barrier against flowing air
masses and is a region of frequent strong wind activity. The predominant
wind directions measured in Zawoja include S and SW (Trepinska and
Kowanetz, 2000). The vegetation of the massif includes mixed forests,
coniferous forests, dwarf pine scrub and alpine meadows. Both study
areas are overgrown by mixed, beech-fir forest, with an admixture of
spruce. Since 1954, a major part of the massif has been protected by
Babia Gora National Park (BgNP; Holeksa and Wozniak, 2005). The
forest in the Markowa area was probably damaged by hurricane-force
wind in 1926 or 1936 (Lamorski, person. comm.). We do not know
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about a similar event that disturbed the Stonow area. Trees in this area
are much older than those in the Markowa area, i.e., Norway spruces are
130 years old, and beeches are 120 years old. In the Markowa area,
young generations of Norway spruce (30 years old) and silver fir (55
years old) dominate (Forest survey, 2021).

3.2. LiDAR data processing and DEM analysis

Detailed elevation data were obtained from an airborne LiDAR (Light
Detection and Ranging) survey carried out by the Polish Institute of
Geodesy and Cartography. These public data can be freely downloaded
from the Polish Geoportal website (Geoportal, 2022). Each tile has an
area of ca. 1.3 km? and includes ca. 81-104 MB of data. The XY-data of
each point were measured in a flat rectangular Polish Coordinate System
1992 (EPSG: 2180). Altitudes refer to the “Kronsztadt” normal height
system (PL-KRON86-NH). The vertical accuracy of the data reaches <
0.15 m, and the position accuracy is < 0.5 m. The point cloud density is
at least 4 points per m2. The ratio of the average distance of the laser dots
in the direction of flight and in the transverse direction ranges from
1:1.5 to 1.5:1. The incidence angle was <£25°, and the spot diameter of
the laser beam on the surface of the terrain was < 0.5 m. The transverse
coverage between rows was in a range of 20-30 %. Point cloud data
were divided into 12 classes in accordance with the ASPRS standard
(Wezyk, 2015). For the area of interest, LIDAR data were acquired in
November 2012 and November 2014. We worked on 4 tiles of point
cloud data (2 for each study area).

The point cloud was processed in the R environment using the lidR
package (Roussel et al., 2020). Duplicated points were filtered. We used
points classified as “ground” or “water” (classes 2 and 9, respectively) to
compute three DEMs with resolutions of 0.5, 0.25 and 0.1 m. We applied
the k-nearest neighbor algorithm (KNN) with inverse distance weighting
(IDW). The number of nearest neighbors was set to 10, and the power of
IDW was 2. For detailed DEM analysis, we computed several DEM de-
rivatives, such as slope, aspect, wind exposition index (WEI), topo-
graphic wetness index (TWI) and topographic ruggedness index (TRI).
The WEI provides information about terrain exposure to potential
airflow, where places with WEI < 1 are shadowed from the potential
influence of airflow, and places with WEI > 1 are exposed to wind
impact. The TWI is a dimensionless index that describes the potential
surface water flow and accumulation (Moore et al. 1991). The TRI ex-
presses elevation differences between adjacent cells of a DEM (Riley
et al., 1999). All three indices are potentially highly useful in ecological
and geomorphic modeling (Dyderski and Pawlik 2021; Pawlik and
Harrison 2022).

3.3. Validation data — “On screen” recognition of pits and mounds

We applied the topographic position index (TPI) to perform
“manual” recognition of pit-and-mound pairs. The TPI is a very valuable
tool for relief classification. This index is computed by obtaining the
difference between the elevation of a given raster cell and the mean
elevation within the predefined surroundings of that cell. In most cases,
this surrounding is defined as a circle or as a square (De Reu et al., 2013).
Positive values of the TPI indicate the presence of convex forms, while
negative values are related to concave forms. Values near O are char-
acteristic of flat areas or slopes with uniform gradients. The size of the
moving circle or square used for TPI computation is strongly related to
the size of landforms that we want to recognize. A larger moving win-
dow should be applied in main ridge and valley identification, while a
smaller window size would be appropriate for microtopographic in-
vestigations. The minimal size of detectable forms is limited mainly by
the DEM resolution (Skentos, 2017).

In each study area (Markowa and Stonéw), we delineated 5 square-
shaped research plots (Fig. 1). Plot locations were randomly selected.
We used the criterion of not choosing adjacent plots. Each plot occupied
an area of 1 ha. We assumed that the analysis of 5 such plots for each
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study area would be representative and reliable. For the research plots,
we conducted “on-screen” recognition of pit-and-mound pairs. The
analysis was based on DEM-derived data, such as the 1) TPI and 2)
contour lines. We marked only pit-mound pairs with 1) negative TPI
values for the pit, 2) positive TPI values for the mound and 3) a char-
acteristic fit of contour lines for both forms (pit-mound) at the same time
that assured us these forms originated from the tree uprooting process
(Fig. 2). As auxiliary layers, we also used WEI, TRI and slope.

Raster data were calculated on the basis of a DEM with a 0.5 m
resolution. Contour lines were generated with an interval of 0.1 m on the
basis of a DEM with a 0.25 m resolution. The TPI was calculated in the
spatialEco R package (Evans, 2021). We took the scale argument equal to
7, which corresponds to a moving 3.5 m-sided square for the DEM with a
0.5 m resolution.

3.4. Detection — Contour method (CM)

Tree-throw pits and mounds very often represent distinct concave or
convex forms, clearly recognizable at the microtopographic scale.
Therefore, such forms influence the shape of the contour lines, especially
if the contour line interval is small. It seems that in many cases, the
contour lines close at local microscale elevations and depressions even
though at the hillslope scale they should continue as almost straight
lines (Fig. 2, Fig. 3). Extraction of such lines can make it possible to
determine the exact location of the forms.

These forms can be classified as pits or mounds based on an exami-
nation of values of terrain elevation a.s.l. (represented in the DEM) in-
side the closed contour line. In most cases, the direct proximity of pit-
and-mound forms can be considered a premise for inferring the wind-
thrown genesis of these forms. Analysis of the distance between the
closest pits and mounds may allow effective recognition of pit-and-
mound pairs. These assumptions are the basis of the contour method
(CM) proposed in this study. An overview of the general workflow of this
method is presented in Fig. 4.

We created contour lines on the basis of the DEM and calculated the
length of each contour line. Then, we selected only contour lines
belonging to the specified contour line length interval. Maximum and
minimum threshold values were adopted from the literature (Phillips
et al., 2008; Samonil et al., 2010a; Pawlik, 2013;) but were also based on
the authors’ experience. Tree-throw pits and mounds are limited by the
size of root-plates of uprooted trees and subsequent processes that
deteriorate root-plates and material filling pits. The next step was to
extract polygons representing the outermost closed contour lines. For
this purpose, we performed several spatial operations on closed contour
lines, such as 1) conversion to polygons, 2) union and dissolve to exclude
overlapping features, and 3) simplification and smoothing of polygons.

The next stage of the analysis was to classify polygons into pits and
mounds. We conducted classification on the basis of the location of the
highest and lowest elevations a.s.]. within each polygon. For each
polygon, we computed the distance between the location of the highest
elevation and the polygon boundary (dist H) and between the location of
the lowest elevation and the polygon boundary (dist L). Then, we
calculated diff HL- the absolute value of the difference between dist H
and dist L. All polygons with diff HL lower than 0.1 m were labeled
“unclassified” and excluded from the analysis. The remaining polygons
were divided into “pit” and “mound” classes based on the difference
between dist H and dist L. If dist L was greater than dist H, then the
polygon was labeled “pit” class. Otherwise, it was assigned to the
“mound” class (Fig. 5). Finally, classified polygon data were converted
to a raster with a spatial resolution of 0.5 m. Features of class “pit” were
assigned the value “-1”, while features of class “mound” were assigned
the value “1”. Pixels located outside the polygons obtained a value of 0.

3.5. Statistical analyses and testing

The analysis procedure described above was repeated for different 1)
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Fig. 2. A template pit-mound pair — map with topographic position index (TPI) and cross-section. This kind of form was marked during “on-screen” recognition.
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Fig. 3. Maps showing the template pit-mound pair depending on the resolution of the DEM and contour line intervals.

spatial resolutions of the DEM (0.5, 0.25 and 0.1 m), 2) contour line
intervals (0.25, 0.1 and 0.05 m) and 3) contour line length intervals
(1.5-25 m, 2.5-20 m and 3.5-15 m). We tested 27 variants of the
abovementioned variables (Table 1). As an output, we derived 27 raster
layers with pixels assigned to classes: “pit” (—1), “mound” (1) and “other
areas” (0). The next step was to evaluate the compatibility of the
resulting raster layers with the point validation data. For each point
location, we sampled 27 raster layers and assigned their values to the

attribute table. For each applied variant of the contour method (CM), we
counted the number of correctly and incorrectly recognized pits. A
similar analysis was conducted for mounds. We also counted the number
of properly identified pit-mound pairs. Some pit-mound pairs were
“partially detected”, i.e., only pits or only mounds were detected. The
analysis described above allowed us to calculate the accuracy of the CM.
We assumed this accuracy as the percentage share of correctly detected
forms (i.e., pits, mounds or pit-mound pairs).
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We performed further analysis for the 1st variant of the CM. We
converted the raster data to two vector layers (with pits and with
mounds). Then, for each pit, we computed the distance to the nearest
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Fig. 5. The rules of the pit-and-mound classification applied in the contour method (CM).

mound, and for each mound, we computed the distance to the nearest
pit. We selected only adjacent forms by setting the maximal threshold
distance between pit and mound to 1.5 m. In the next step, we filtered
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Table 1

Catena 221 (2023) 106757

The percentage share of correctly detected (green), undetected (orange), misrecognized (yellow) and partially detected (blue) forms for each of the 27 tested variants
(gray) of the contour method (CM). The share was calculated by comparing the output of each variant with the validation dataset (n = 42 for the Markowa area and 32
for the Stonow area) derived from the “on-screen” analysis of the TPI. In both study areas, assessments were conducted separately for 1) pit-mound pairs, 2) mounds,

and 3) pits.
Markowa (n = 42) Stonéw (n = 32)
Variant variables Pit-mound pairs Mound Pit Pit-mound pairs Mound Pit
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0.10  0.05 1.5 25.0 14.3 0.0 9.6 0.0 4.8 0.0 9.4 0.0 6.3 0.0 3.1 0.0
0.10 0.05 2.5 20.0 16.7 0.0 11.9 0.0 4.8 0.0 6.3 0.0 31 0.0 3.1 0.0
0.10  0.05 35 15.0 19.0 0.0 14.3 0.0 4.8 0.0 9.4 0.0 3.1 0.0 6.3 0.0
0.10 0.10 1.5 25.0 26.2 4.8 23.8 9.5 119 190 9.4 0.0 6.3 0.0 3.1 0.0
0.10 0.10 2.5 20.0 28.6 0.0 19.0 0.0 9.5 0.0 6.3 0.0 3.1 0.0 3.1 0.0
J 0.10 0.10 3.5 15.0 28.6 2.4 21.4 0.0 11.9 0.0 12.5 0.0 6.3 0.0 6.3 0.0
010 0.25 1.5 25.0 214 26.2 571 42.9 0.0 38.1 0.0] 281 25.0| 56.3 438 00| 469 0.0
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3 025 0.25 1.5 25.0 214 28.6 52.4 45.2 24 38.1 00| 219 250| 56.3 438 00| 406 0.0
025 0.25 25 20.0 214 33.3 47.6 24 38.1 00| 219 250| 56.3 438 00| 406 0.0
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J 050 0.25 2.5 20.0|] 214 357 429| 405 24| 357 00| 219 344 438| 406 31| 344 0.0
0.50 0.25 3.5 15.0|] 167 405 429| 357 24| 333 24| 219 344 438| 438 3.1 [BNSES! 0.0

selected forms to assign one pit to each mound and one mound to each
pit. If one mound had more than one adjacent pit, then we evaluated the
distances between the mound and each pit and selected only the closest
pit. When the distance was the same, we took into account the area of
the pit polygons and selected the largest one. We performed similar
analyses for pits having more than one adjacent mound. As a result, we

obtained probable locations of pit-mound pairs according to the CM
(Fig. 6). To acquire point data for visualization purposes, we extracted
the centroid of each pit.

Furthermore, for each research plot, we counted the number of
probable locations of pit-mound pairs 1) detected in “on-screen” DEM
data analysis and 2) extracted with the use of the two variants of the CM
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Fig. 6. Spatial distribution of probable locations of the pit-mound pairs on the background of the slope map. The locations were determined on the basis of the 1st

variant of the contour method (for details, see Table 1).
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(1st and 5th). We determined the intersection of both datasets (matching
pit-mound pairs; Table 2). Moreover, for each pit or mound in the “on-
screen” validation dataset, we counted the number of CM variants
detecting this pit or mound (Fig. 2S, Supplementary Materials).
Morphometric statistical parameters (for details, see Table 2) were
calculated for each research plot to investigate the relationship between
the relief and number of probable locations of pit-mound pairs.

To better understand differences between the number of manually
recognized and automatically detected pit-mound pairs within selected
research plots, we tested the significance of differences between the
individual plots. The testing was based on datasets with extracted values
of basic geomorphometric parameters, i.e., WEI, TPI, TWI, TRI, and
aspect. The data were extracted from raster layers in a 1x1-m grid. Due
to many outliers and the lack of a normal distribution of some param-
eters (e.g., aspect), we used a nonparametric Kruskal-Wallis test (Hol-
lander and Wolfe, 1973) and a post-hoc Dunn test (Dunn, 1964). For
visualization, we used the ggstatsplot R package (Patil, 2021). In addi-
tion, the Holm adjusted method for p value for multiple comparisons
was used as a default method (Holm, 1979).

4. Results
4.1. Accuracy assessment

Table 1 presents the percentage share of correctly detected, unde-
tected and misrecognized forms for each variant of the CM. The accuracy
of the CM was strongly affected by the contour line interval. The best
accuracy for the contour line intervals of 0.05 and 0.1 m reached around
90-95 %. For the contour line interval of 0.25 m, the highest accuracy
was approximately 45-55 %. DEM resolution also influenced the
detection capability of the CM. The greatest CM accuracy, approxi-
mately 80-96 %, was achieved for the DEMs with the spatial resolution
of 0.1 and 0.25 m. In the case of the DEM with resolution 0.5 m, the CM
obtained slightly lower accuracy, reaching a maximum of approximately
60-87 %. It seems that the minimal and maximal lengths of the adopted
contour line ranges did not exert a large influence on the accuracy of the
CM (Table 1). In the majority of variants, all forms were properly
recognized (as pits or as mounds). The highest share of misrecognized
forms occurred for the 4th variant in the Markowa area, and for the 8th
and 9th variants in the Stonow area (Table 1).

Generally, we obtained higher CM accuracies for the Stonéw area
than for the Markowa area. In the case of Markowa, the CM was slightly
better in pit recognition in comparison to mound recognition. In the case
of Stonéw, such a relationship was not observed. In most cases, in both
study areas, the accuracies computed for pit-mound pairs were signifi-
cantly lower than the accuracies calculated separately for pits and
mounds.

One of the best results were obtained for the 1st variant of the CM
(Table 1). In this variant, we used the following variables: a DEM

Table 2
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resolution of 0.1 m, contour line interval of 0.05 m and length of contour
lines of 1.5-25 m. By applying such parameters, we obtained an accu-
racy of 96.9 % and 93.8 % for pits and mounds in the Stonéw area,
respectively. In the Markowa area, the 1st variant reached an accuracy of
95.2 % for pits and 90.5 % for mounds. For pit-mound pairs, this variant
obtained an accuracy of 90.6 % for the Stonéw area and 85.7 % for the
Markowa area. Such results were the basis for using the 1st variant of the
CM to extract the potential locations of pit-mound pairs at both study
sites.

4.2. Spatial distribution and significance in light of forest and hillslope
dynamics

The 1st variant of the contour method detected 1030 and 574
probable locations of pit-mound pairs in the Markowa and Stonéw areas,
respectively. The density of probable pit-mound pairs per 1 ha reached
16.5 for the Markowa area and 12.8 for the Stonéw area. However, the
spatial distribution of the extracted locations was irregular (Fig. 6),
which was confirmed by an uneven number of detected forms for
different research plots (Table 2). Determined locations tended to occur
more frequently on gently sloped areas than on steep slopes. At the
Markowa site, the majority of locations were situated in the eastern,
northeastern and northern parts of the area (Fig. 6). This part of the site
was characterized by a relatively gentle slope. In contrast, in the western
and southern parts of the Markowa area, the slope was steeper. In this
part of the site, the CM detected only a few potential locations of
pit-mound pairs. A similar situation occurred in the Stonéw area, where
the majority of delineated probable locations were situated in the
western, gently sloped part of the site (Fig. 6). In the central and eastern
parts of the Stondow area, potential locations were distributed quite
sparsely.

The forest in the Markowa area was damaged by hurricane-force
wind (in 1926 or 1936), as opposed to the forest in the Stonow area.
Trees in the Stonow area are much older (between 120 and 130 years
old) than those in the Markowa area. Young generations of spruces (30
years old) and firs (55 years old) dominate in the Markowa area (Forest
survey, 2021). In light of this information, we suggest that in the Stonéw
area, pit-mound forms might have been a result of individual tree
uprooting under the impact of less devastating wind events. We can
expect that pit-mound pairs differ in age. This could be confirmed by
radiocarbon dating of the organic matter found in mounds (Embleton-
Hamann, 2004; Samonil et al., 2013), but such dating was not planned
for this project. In the Markowa area, pit-mound pairs might have been a
result of a one stand-replacing event. It is highly probable that the time
of their formation was the same; however, they might differ in size due
to the size variability of trees that were uprooted during the event.

Number of pit-mound pairs per research plot compared to selected morphometric parameters of elevation and slope.

Study Research plot Number of probable locations of pit-mound pairs Morphometric parameters
area symbol “On-screen” 1st CM Matching (“on- 5th CM Matching (“on-screen”  Elevation Standard Mean
detection variant screen” vs 1st CM variant vs 5th CM variant) difference [m] deviation of slope
variant) slope
Markowa M1 7 51 6 13 4 13.62 5.71 8.07
M2 11 28 7 7 6 12.74 3.87 6.92
M3 10 69 9 27 9 12.23 4.22 6.93
M4 9 26 9 15 8 17.19 4.88 9.15
M5 5 8 4 5 3 18.82 3.96 9.1
Stonéw S1 3 6 2 4 3 23.91 5.02 12.38
S2 4 11 4 5 3 20.28 5.5 11.81
S3 10 41 10 18 10 15.05 4.74 8.95
S4 4 16 3 3 3 23.59 6.33 12.73
S5 11 35 11 17 10 18.62 4.66 9.23
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4.3. Research plots and impact of terrain properties

Table 2 shows the number of pit-mound pairs per research plot in
comparison to the selected morphometric parameters of elevation and
slope. In the “on-screen” validation dataset, the number of pit-mound
pairs recognized on particular research plots was uneven. In the Mar-
kowa area, the greatest number of forms (11) was recognized in the plot
M2, while the smallest number (5) was recognized in the plot M5. In the
Stonow area, the research plot with the highest number of recognized
forms (11) was the S5, while the smallest amount of forms (3) was
delineated on the plot S1. In the majority of cases, the number of
pit-mound pairs detected by the analyzed CM variants was higher or
equal to the number of pairs recognized in the “on-screen” DEM analysis.
This difference was particularly high in the case of the plots M1, M3, M4,
S3 and S5. For the 5th variant of the CM there were only two cases in
which the number of extracted probable locations of pit-mound pairs
was lower than the number of pairs in the validation dataset while for
the 1st variant of the CM there were no such cases. In the Markowa area,
the 1st variant of the CM detected from 8 (M5) to 69 (M3) pit-mound
pairs, while the 5th variant of the CM extracted minimally 5 (M5) and
maximally 27 (M3) pit-mound pairs. In the case of the Stonéw area, the
1st variant of the CM identified from 6 (S1) to 41 (S3) pit-mound pairs,
while the 5th variant of the CM delineated from 3 (S4) to 18 (S3)
pit-mound pairs. In the Markowa area, the value of matching pit-mound
forms varied from 4 to 9 for the 1st variant of the CM and from 3 to 9 for
the 5th variant of the CM. In the Stonow area, the amount of matching
pit-mound pairs oscillated within 2-11 for the 1st variant of the CM and
3-10 for the 5th variant of the CM. The majority of pits and mounds
were correctly recognized by 12-22 variants of the CM (Fig. 2S, Sup-
plementary Materials). There were also 14 pits and 13 mounds detected
by all tested variants of the CM. 3 pits and 4 mounds remained unde-
tected by any of the 27 tested variants. Such forms were more frequent in
the Markowa area (2 pits, 3 mounds) than in the Stonéw area (1 pit, 1
mound).

In some cases, the number of detected pit-mound pairs was related to
the relief. In the Stonow area, the greatest number of detected pit-mound
pairs was located in research plots with relatively low elevation differ-
ences, low mean slopes and low slope standard deviations. In contrast,
research plots with relatively high values of morphometric statistical
parameters were characterized by a low number of detected pit-mound
pairs. However, this dependence was not clearly visible in the Markowa
area. The statistical significance of differences in morphometric pa-
rameters between the analyzed research plots was confirmed by the
nonparametric Kruskal-Wallis test and post-hoc Dum test (for details,
see Supplementary Materials). If we consider research plots with a
higher difference in detected pit-mound pairs (plots M3, M5, S3 and S4),
they differed significantly from each other in terms of several geo-
morphometric parameters, mainly slope, TRI, TWI, and WEI
(Figs. 35-8S, Supplementary Materials). However, in the Stonéw area,
the difference was not significant for the TRI, and for the TWI, it was
significant but only at pa¢; = 0.03. There were no significant differences
in terms of the TPI (Fig. 45), but differences were significant for all plots
in terms of the WEI (Fig. 3S, Supplementary Materials).

5. Discussion

5.1. Tree-throw pit-mound topography automatic detection in light of
previous attempts of microrelief recognition and mapping

In recent decades, various landforms and microforms have been the
subject of detailed investigations and detection. This field of study is a
subject of intense research aiming at recognition of, for instance, surfi-
cial forms on extraterrestrial objects such as the Moon or the planet Mars
(Bue and Stepinski, 2006; Stepinski et al., 2006). However, the task can
be even more complex when small-scale forms are the main target of the
investigation. Traditionally, these forms were a subject of qualitative
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evaluation and imprecise mapping on topographic maps at large scales.
This approach has been significantly improved since the time when
LiDAR point clouds have been easier to access and analyze. Most likely,
the most significant step was to obtain submeter resolution DEMs, even
for densely vegetated areas. Another step was the invention of many
algorithms allowing the calculation of various geomorphometric fea-
tures, such as the TWI and TPL (Pike et al., 2008). These terrain pa-
rameters led to a better visualization and detection of DEM properties, e.
g., flow accumulation, terrain roughness, valley depth, etc. For instance,
Mohamed (2020) applied a knowledge-based fuzzy classification
method to classify soil-landforms based on terrain attributes derived
from DEMs. After classifying landforms into geomorphologic categories,
Mohamed (2020) obtained an overall accuracy of 93 %. Ardizzone et al.
2007 showed how an airborne LiDAR survey after heavy rainfall
improved the landslide inventory in comparison to traditional tech-
niques (field survey and topographic map interpretation). They were
able to detect 27 % more landslides.

Our method is new, written entirely in R, and for the first time, it was
applied to the automatic detection of pit-mound topography, which is a
unique bioindicator of forest dynamics due to wind disturbances. We
were able to reach 80-96 % accuracy when a 0.1-0.25 m DEM was used
and 60-87 % accuracy when the method was applied to a 0.5 m DEM. A
similar approach based on closed contour lines was used in a limited
scope in past studies; moreover, it was applied to other types of land-
forms, was not fully automated, and was not written in R. Liang and Du
(2013); Liang et al. (2014) created a method based on closed contour
lines (CCLs) to detect and classify karst landform entities. They used
various combinations of closed contours and graph theory (an acyclic
graph) to find sinkholes and karst hills and then calculated their surface
coverage by these forms. Wu et al. (2015) used a localized contour tree
method to extract the locations and properties of complex surface de-
pressions. They used graph theory and a concept of the so-called “pour
contour” that marks the boundary of local depressions.

5.2. Factors influencing the accuracy of the CM

The accuracy of the proposed contour method (CM) depends on
many factors. Primarily, these factors are 1) the source data and the
method of its processing, 2) the applied method of CM validation and 3)
the shape of particular pits and mounds.

The output of our analysis is strongly affected by the quality of the
LiDAR point clouds. The differentiation of ground reflections can be a
challenging task, especially in mountainous areas covered with dense
forest. In such areas, the penetrability of laser beams may be affected by
the incidence angle (Hsu et al., 2015). For the detection of microtopo-
graphic forms, it is extremely important to distinguish between the
“ground” and “low vegetation” reflections. The understory vegetation
and low-growing branches may cause difficulties in the accurate clas-
sification of the point cloud. The LiDAR data applied in this study were
processed and classified according to international standards (Wezyk,
2015). However, there still might exist incorrectly classified points, even
if the probability of their occurrence seems to be low. There are many
methods of ground reflection reclassification (Zhang et al., 2003;
Podobnikar and Vrecko, 2012; Pingel et al., 2013; Chen et al., 2017).
The “ground” class of LiDAR data is used to produce DEMs. Therefore, to
investigate the pit-mound topography, the “ground” class of LiDAR data
should be classified as accurately as possible. The kNN-IDW method
applied in DEM calculation is effective, widely used and not very time-
consuming (Granero and Godone, 2013). However, further in-
vestigations may include testing other methods to compare DEMs and
choosing the best one. The point cloud density also exerts a significant
impact on DEM quality (Agiiera-Vega et al., 2020). The density of the
applied LiDAR data is 4 points per m2, which means that for each square
meter, there are 4 or more reflections. Such density influences the
quality of produced DEMs. Nevertheless, it seems that the impact of
point cloud density can be reduced by the interpolation method used
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during DEM computation (Agiiera-Vega et al., 2020; Cateanu and Ciu-
botaru, 2021). When interpolating a source point cloud, changing the
resolution of the DEM in most cases does not add more topographic
information. The higher spatial resolution of the DEM is connected with
the greater complexity of the contour lines, but the overall relief infor-
mation remains the same or very similar (Fig. 3). Hence, the CM results
are mainly affected by the interval of contour lines, and the effect of
DEM resolution is quite small (Table 1). Another data processing issue
related to the CM is the classification of polygons into pits and mounds.
When only one closed contour line is captured by a given feature, the
differences in altitude within this contour line may be very small. In such
a situation, the dist H and dist L (Fig. 5) can classify convex form as
concave one (and oppositely). However, our results indicate that such
cases are not frequent (Table 1, “misrecognized” column).

The results of the CM accuracy assessment depend on the quality of
the validation dataset. To validate our method, we needed accurate
location data of pit-mound pairs. We acquired such a dataset by per-
forming manual, “on-screen” recognition of pits and mounds based on
certain visual criteria (for details, see Fig. 2). We selected only these
forms, in which we were sure that they represented pit-mound pairs. We
decided not to mark adjacent convex—concave forms devoid of the
characteristic fit of contour lines. Although this analysis is subjective, we
are convinced that its output corresponds to the real locations of
pit-mound pairs. A similar method of DEM data analysis was applied in
several studies considering forms of anthropogenic origin (Trier and
Pilg, 2012; Rutkiewicz et al., 2017; Niculita, 2020). Such a way of
validating may be effective for areas with no or limited access. For
detection method improvement, we may need to provide an additional
validation dataset with the locations of pit-mound pairs measured by
GNSS in the field. Such measurements are planned in the next stage of
the analyses. However, the initial tests have shown that the measure-
ment accuracy in the forested areas is below the acceptable level which
does not allow the creation of a validation dataset. Another issue is
related to the pit-mound pairs from the validation dataset not detected
by any of the CM variants. This may be due to the lack of closed contour
lines on the pit (or mound), despite of distinct and characteristic fit of
contour lines of both forms present in the validation dataset. Another
reason can be the occurrence of only one relatively short closed contour
line on the form. In such situation, the validation point may fall outside
of the closed contour line, and the form may be considered undetected.
Regardless of these issues, locations of forms extracted with the use of
the CM should always be treated as probable locations of pit-mound
pairs.

Generally, the tree-throw pit-mound pairs occur as a particular
pattern of the slope microrelief. However, the shape of a given
pit-mound pair is influenced by many factors, such as 1) the size of the
root-plate of an uprooted tree from which the form arose, 2) the type of
soil and bedrock in a given area, 3) the age of the form, and 4) the slope
inclination (Schaetzl et al., 1990; Pawlik, 2013; Phillips et al., 2017).
Therefore, the pattern of the pit-mound-pair shape is not as regular and
repeatable as in the case of human-produced landforms, such as burial
mounds, pitfall traps and charcoal kilns. Hence, the development of a
method extracting the location of the pit-mound pairs seems to be more
difficult than the creation of a method detecting forms of anthropogenic
origin. We propose a method that detects pits and mounds at a certain
stage of evolution. These forms are characterized by a particular shape,
which is detected by our algorithm. Our method is not matched to detect
young forms of wind-thrown origin, with undecomposed root plates.
However, the CM might detect adjacent convex and concave forms,
which can represent old, obliterated pit-mound pairs. Hence, there are a
significant number of forms that were detected by the 1st and 5th var-
iants of the CM but were not marked during the ‘on-screen’ recognition
(Table 2). Nevertheless, the 1st and 5th variants of our method detected
the majority of pit-mound forms from the validation dataset (Table 2),
which may indicate the effectiveness of the CM. Presumably, the CM
may also detect different microrelief features not related to pit-mound
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topography. Frequently the origin of these forms is not obvious and
can only be investigated during field surveys. However, tree-throw pit-
mound pairs occur very frequently in both study areas so there is a low
probability that the CM will detect pits and mounds whose genesis is
different than the tree uprooting process.

The best accuracy of the CM obtained for the contour lines with 0.05
m and 0.1 m intervals is strongly related to the shape of pits and mounds
in both study areas (Fig. 2and 3). This small interval leads to the
occurrence of closed contour lines on more terrain forms and hence
enables their detection. In many cases, differences in relative altitude
between the top of the mound and the bottom of the pit are below 0.5 m.
Therefore, the contour line interval of 0.25 m performs less well at
pit-mound pairs detecting.

The slope inclination seems to be very important in the case of CM
performance. Presumably, on steep slopes, wind-thrown root-plates tend
to evolve into pit-mound pairs with stair-like cross-sections (Samonil
et al., 2010b; Pawlik et al., 2013). This is probably because on steeper
slopes, a larger amount of sediment moves downslope of the pit,
decreasing the size of the corresponding mound (Gabet et al., 2003;
Doane et al., 2021). Moreover, on steeper slopes, mounds deteriorate
relatively fast, and pits are filled with organo-mineral material eroded
from the upslope area and the rootplate. Furthermore, on steep slopes,
the pit rims are inclined and therefore not represented as closed contours
when using a horizontal surface reference. For these reasons, on steeper
slopes, pit-mound topography might not be distinct enough for detec-
tion with the use of closed contours. Presumably, the CM might be able
to detect pit-mound pairs on steep slopes if the DEM was produced with
the reference to the inclined surface parallel to the slope. However, such
an approach would require dividing the study area into sectors with
gentle and steep slopes. Nevertheless, this issue can be the subject of
future research.

5.3. Potential applications of the CM

The proposed contour method might act as an objective tool to assess
the presence of pit-mound topography in a given forest area. This in-
formation is very valuable for several reasons.

First, the number and distribution of pit-mound forms seems to be
related to the 1) frequency of strong wind occurrence and 2) forest stand
properties (species composition, tree height, etc.). Presumably, a high
frequency of hurricane wind events results in a larger number of
uprooted trees. However, taller trees are more likely to uproot than
lower trees. Hence, frequent uprooting of taller trees may cause gradual
change in the forest structure toward younger and smaller trees (Gall-
away et al., 2009). Therefore, the relationship between wind, forest
properties and pit-mound topography formation is quite complex and
nonlinear (Constantine et al., 2012). However, the number and distri-
bution of pit-mound pairs may help to reconstruct the history of wind-
driven forest disturbances in a particular forest stand. The presence of
pit-mound topography can also act as a bioindicator of areas where tree
felling occurred in the past (Clinton and Baker, 2000; Strzyzowski et al.,
2016).

Second, in mountainous areas, the downslope sediment transport is
supported by tree uprooting. Pit-mound topography is the long-term
consequence of this geomorphic process. Therefore, the information
about the location of pit-mound pairs could be the basis of the modeling
of hillslope sediment flux caused by tree-throw. The morphometric pa-
rameters needed to estimate the amount of sediment can be obtained
from the DEM. Research to date in this field has focused on estimating
sediment transport by geomorphological mapping and field measure-
ments of pit-mound pairs (Gallaway et al., 2009; Strzyzowski et al.,
2018). Constantine et al. (2012) attempted to simulate sediment trans-
port in connection with the modeling of forest growth dynamics. Doane
et al. (2021) extracted several morphometric parameters of pit-mound
pairs from LiDAR data. They applied these parameters to develop
equations describing the impact of pit-mound topography on
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topographic roughness. They created a dimensionless variable as a ratio
of the sediment transported due to tree uprooting versus creep-like
processes. Then, they measured topographic roughness by calculating
the topographic variance of a detrended DEM for slopes on which
pit-mound topography was presumably present. Their results showed
that topographic variance differs depending on the slope aspect, which
is related to the wind directions. Although this approach enables the
estimation of hillslope sediment flux due to tree-throw, in some cases, it
can be inaccurate due to the presence of other microtopographic forms
impacting the topographic roughness, such as forest roads, boulders, and
gulleys. Our research plots do not represent flat ground and are rather
gently sloped (Table 2). Sediment transport caused by tree uprooting is
possible even in case of low inclinations of the slope (Schaetzl et al.,
1990). Hence, the presented contour method could be applied to
investigate the sediment flux of gentle slopes. Reliable information on
the location of pit-mound pairs could improve the accuracy of sediment
flux estimation by the extraction of the actual size and volume of forms.

Third, the presence of pit-mound pairs influences soil properties
(Putz, 1983; Samonil et al., 2010a). Therefore, the extraction of
pit-mound pair locations may be useful in microscale research on
groundcover plant communities in fine-scale mapping. Moreover, some
studies have stated that pit-mound forms are better preserved in un-
managed, “old” forests than in managed forests (Barker Plotkin et al.,
2017; Phillips et al., 2017). Hence, our method may act as a tool to assess
past and current human impacts on a given forest stand. This knowledge
can be applied in forest management. Areas with well-developed
pit-mound topography may be considered for protection to enable
observation of the long-term processes impacting forest ecosystem
evolution.

A significant advantage of the contour method is the possibility of
performing remote unsupervised detection of pit-mound forms. If good
quality LiDAR data are available, the CM can be easily applied to areas
with no or limited access. Usage of the CM can also shorten the time
needed for fieldwork preparation by providing exact information on the
location of particular forms. The proposed method provides an objective
assessment of DEMs in terms of pit-mound topography occurrence. Such
assessment is faster and less time-consuming in comparison to mapping
in the field or “on-screen” recognition of forms. However, the output of
the CM may be affected by errors caused by initial data inaccuracy and
arguments adapted in several algorithms used during the subsequent
phases of the method workflow. Therefore, validation in the field might
be necessary in some cases.

The proposed contour method might also have many different ap-
plications. In addition to pit-mound pairs, this method could also be
applied to detect other microrelief forms, both of natural origin (i.e.,
termite mounds, mima mounds, landslide peat-bogs, and boulders) and
anthropogenic origin (i.e., charcoal kilns, burial mounds and pitfall
traps). However, presumably each form type will require an individual
approach to adjust the CM to particular characteristic features of a given
form type.

6. Conclusions and perspectives

Due to a growing amount of freely accessible and precise spatial data
originating from LiDAR surveys, more detailed and large-scale analyses
can be conducted in an automated style. This new approach is supported
by fast Internet connections enabling sending and receiving large data
cubes and more powerful personal computers allowing the performance
of more complex operations without costly analytical devices, e.g.,
multicore servers. LiDAR point clouds are used for digital elevation
model construction and its evaluation through more sophisticated geo-
morphometric algorithms. These models can now be of submeter reso-
lution, which allows in-depth analysis of even small-scale forms or
individual boulders. Tree-throw pit-mound pairs are one of the most
widespread natural forms considered as bioindicators of forest dynamics
due to abiotic disturbances, mostly strong winds. To analyze large
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segments of forested landscapes, we developed a new unsupervised
method of pit-mound topography detection. The method helps to
recognize and calculate the density of pit-mound forms that is
frequently too difficult or impossible when using conventional methods
(field survey, GNSS mapping) in large or inaccessible areas. The method
can be used as an important step in different analyses conducted within
forest ecology, geomorphology or soil science. It can also be modified
and used for the detection of different types of microscale forms (both
natural and anthropogenic).
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