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 A B S T R A C T

Soil deformation is a key challenge in sustainable timber harvesting, particularly in environments with low 
bearing capacity. In mechanised forestry, this issue is especially pronounced in peatlands, where rutting arises 
from soil displacement and root shearing within the soft, organic substrate. While tree roots are known to 
reinforce soil, the specific role of stump-root systems in mitigating rut formation remains underexplored. This 
study examines the influence of stump presence on rut depth using Unmanned Aerial Vehicle (UAV) based 
digital terrain models (DTMs), manual field measurements, spatial modelling, and machine learning techniques. 
UAV-derived rut depth estimates were first compared with manual data, revealing slightly lower values in 
deeper ruts, particularly in curved trails, with mean discrepancies of 3 cm. Statistical analysis confirmed that 
cumulative stump influence significantly reduced rut depth, with a small to medium effect in straight trails 
(𝜀2 = 0.04–0.20) and a moderate to large effect in curved trails (𝜀2 = 0.02–0.32). Machine learning models 
achieved high predictive accuracy (𝑅2 = 0.69–0.85), identifying stump-related variables and soil shear modulus 
as key predictors of rut formation. These findings emphasise the importance of incorporating stump-root 
reinforcement into forest planning to optimise machine path selection and minimise soil disturbance. Future 
research should refine species-specific reinforcement models and explore advanced root mapping techniques, 
such as ground-penetrating radar (GPR), to strengthen decision-support tools for sustainable forestry.
Science4Impact statement (S4IS) 

This study presents a spatially informed methodology to evaluate the influence of tree stump-root systems 
on rut formation in peatland soils. By integrating UAV mapping and machine learning, this study enables the 
predictive identification of low-impact areas, reducing site disturbance and supporting climate-smart forestry. 
These findings offer a practical starting point and a potential tool for optimising skid trail layout, improving 
operational efficiency, and minimising soil disturbance and site damage. The approach supports evidence-
based decision-making in peatland conservation, helping align forest operations with broader environmental 
and climate goals.
1. Introduction

Forests are a key source of renewable resources, essential for timber 
production and economic sustainability (Favero et al., 2020; Grassi 
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et al., 2017). The increasing demand for sustainably sourced timber 
has intensified efforts to optimise wood mobilisation while ensuring 
long-term ecological balance (Blattert et al., 2023; Lerink et al., 2023).
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 Nomenclature
 Abbreviations
 Abbreviation Definition  
 CI Cumulative influence (of stumps)  
 CSF Cloth simulation filter  
 DTM Digital terrain model  
 DTW Depth-to-water  
 GCP Ground control point  
 GPR Ground-penetrating radar  
 GNSS Global navigation satellite system  
 ICP Iterative closest point  
 MAE Mean absolute error  
 NGP Nominal ground pressure  
 RAR Root area ratio  
 RD Rut depth  
 RF Random forest  
 RFE Recursive feature elimination  
 RMSE Root mean square error  
 RTK Real-Time kinematic  
 RRV Root reinforcement value  
 SD Standard deviation  
 SfM Structure from Motion  
 UAV Unmanned aerial vehicle  
 Latin Symbols
 Symbol Definition Unit  
 𝑑 Distance from pixel to 

stump
m  

 𝐷 Stump diameter m  
 𝐷ave Average stump diameter m  
 𝐺trail Shear modulus of the trail kPa  
 𝐼(𝑑) Influence at distance 𝑑 arbitrary units  
 𝐿 Max reinforcement 

(sigmoid model)
kPa  

 𝑅2 Coefficient of 
determination

–  

 𝑅final Total root reinforcement arbitrary units  
 𝑅norm Normalised root 

reinforcement
% arbitrary 
units (0–100)

 

 𝑆peat Estimated peat shear 
strength

kPa  

 𝑊peat Peat moisture content 
(%wgt)

%  

 𝑥, 𝑦 Spatial coordinates m  
 𝑥0 Sigmoid inflection point m  
 𝑦𝑖 Observed rut depth cm, m  
 𝑦̂𝑖 Predicted rut depth cm, m  
 Greek Symbols
 Symbol Definition Unit  
 𝛼 Scaling constant for stump 

diameter effect
–  

 𝜀2 Epsilon squared, effect size 
(Kruskal–Wallis)

–  

 𝜅 Decay constant (influence 
model) and steepness 
(logistic)

–  

 𝜇 Mean in SD and 𝑅2 formula –  
 𝜎 Standard deviation cm  
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In many parts of Northern Europe, the Baltic states, and Russia, a sub-
stantial share of timber production takes place on organically rich soils, 
including peatlands. Such soils are widespread across these regions and 
characterised by high organic matter content (Piirainen et al., 2017).

Peatland ecosystems are known for their high carbon storage capac-
ity and waterlogged conditions (Loisel & Gallego-Sala, 2022), which 
pose unique challenges for timber production. Historically, peatlands 
have often been managed through drainage to increase forest produc-
tivity and timber supply, thereby supporting tree growth and facil-
itating easier harvesting processes (Turunen & Valpola, 2020). It is 
estimated that approximately 15 million hectares (Mha) of peatlands 
have been drained for forestry purposes in the temperate and boreal 
regions, with about 10 Mha in the Baltic Sea Region (Finland, Sweden, 
Estonia, Latvia, Lithuania, and parts of Russia) alone (Paavilainen 
& Päivänen, 1995; Piirainen et al., 2017). For instance, in Finland, 
peatlands cover approximately 8.8 Mha, accounting for 33% of forestry 
land, with slightly more than half (4.6 Mha) being drained for forestry. 
These drained peatlands contribute significantly to timber production, 
accounting for 25% of the total annual stem volume increment of 
104 Mm3, with a mean annual increment of 4.6 m3 ha−1 (Peltola, 
2014). The share of managed peatland forests is highest in southern and 
eastern Finland, where 88–90% of the peatland area has been drained, 
compared with only about 23% in Lapland, the northernmost region of 
Finland (Turunen & Valpola, 2020).

Despite their economic importance, drained peatlands present sig-
nificant challenges for forestry operations due to their distinct physical 
and ecological characteristics, such as low bulk density and high poros-
ity (Laine et al., 2006). Unlike mineral soils, peatlands are composed 
primarily of accumulated organic material, formed over thousands of 
years under water-saturated, oxygen-poor conditions (Paavilainen & 
Päivänen, 1995). This results in a multi-layered structure, typically 
consisting of a surface layer (acrotelm) that is up to several decimeters 
thick. This layer is porous and highly permeable to water, containing 
living mosses, roots, and decomposing organic material. The deeper 
or sub-surface layer (catotelm) consists of variably decomposed, wa-
terlogged peat with very low shear strength (Paavilainen & Päivänen, 
1995; Sallinen et al., 2019; Similä et al., 2014).

Peat deposits vary in thickness, with boreal forested peatlands 
typically having an organic layer exceeding 30 cm (Paavilainen & 
Päivänen, 1995; Sallinen et al., 2019; Zoltai et al., 1996). As the 
peat depth increases, its bearing capacity decreases, making the soil 
highly susceptible to deformation under external loads (Lepilin et al., 
2022; Prinz et al., 2023). When heavy forestry machinery moves across 
these soft, saturated soils, the high ground pressure, combined with 
low structural integrity, results in soil displacement, compaction, and 
rut formation (Ala-Ilomäki et al., 2011). These disturbances are par-
ticularly severe under poor trafficability conditions, where repeated 
machine passes may destabilise the peat even more (Niemi et al., 2017; 
Uusitalo & Ala-Ilomäki, 2013; Vega-Nieva et al., 2009), leading to 
long-term soil degradation, hydrological disruption, and reduced tree 
growth.

Research has shown that rut formation is strongly influenced by 
soil strength, traffic frequency, and trail design, with deeper ruts form-
ing as shear strength decreases and the number of machine passes 
increases (Ala-Ilomäki et al., 2021; Solgi et al., 2018; Uusitalo et al., 
2015). Forwarders equipped with wider trails or additional wheels help 
mitigate rut depth by distributing ground pressure more effectively. For 
instance, trials with 700 mm wide tyres showed a significant reduction 
in rut depth compared to 600 mm configurations under equivalent 
loads (Neri et al., 2007).

However, while they reduce rutting during the early machine
passes, rut formation still progresses with repeated traffic, particu-
larly on soft soils, where continued compaction and displacement 
occur (Breinig et al., 2025; Brennensthul et al., 2024). Trail design 
also plays a role, as wider trails (6 m) allow operators to avoid 
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deepening existing ruts, though further widening beyond this offers 
little additional benefit (Uusitalo et al., 2015). Furthermore, modern 
forwarders are more favourable in minimising rut formation compared 
to lighter forwarders from the 1980s, likely due to the use of bogie axles 
in the front and improved trail design, which helps distribute weight 
more effectively and reduce soil pressure (Ala-Ilomäki et al., 2011).

In recent years, to enhance insight into soil disturbance caused by 
forestry machinery, numerous studies have explored the application 
of remote sensing techniques, particularly UAV-based photogrammetry 
and machine learning. Drone-based measurements provide highly ac-
curate rut depth estimations, closely matching manual measurements 
while enabling large-scale, efficient assessments (Marra et al., 2021). 
Deep learning (DL) applied to UAV imagery provided an accuracy 
of 79.5% for detecting ruts, with the highest precision for severe 
rutting (Bhatnagar et al., 2022). Additionally, Depth-to-Water (DTW) 
maps help predict rut severity, with 71% of severe ruts occurring in 
areas with DTW values below 1 m (Heppelmann et al., 2022).

While these advances in remote sensing improve the ability to 
monitor rut formation, they do not address the underlying factors 
that influence soil resistance to deformation. One critical but often 
overlooked aspect is the role of root systems in reinforcing soil mechan-
ical strength. Roots improve soil stability through tensile resistance, 
root-soil interlocking, and mechanical support, which together increase 
shear resistance, distribute stress, and bind soil particles (Coutts, 1983; 
Schwarz et al., 2013; Wästerlund, 1989). These factors directly in-
fluence the soil’s shear modulus, which quantifies its resistance to 
deformation, which determines its structural integrity and ability to 
resist rut formation (Ala-Ilomäki, 2013). Because roots contribute to 
shear strength, they also play a fundamental role in soil reinforcement, 
with their effectiveness depending on factors such as root density, root 
distribution, and tensile strength (Schwarz et al., 2010).

These characteristics differ among tree species and soil types, re-
sulting in variations in root reinforcement values (Kalliokoski, 2011). 
In boreal forests of Finland, Sweden, and the Baltic states, the dominant 
species — Scots pine (Pinus sylvestris) and Norway spruce (Picea abies) 
both contribute to soil reinforcement, but in different ways. Scots pine 
typically develops a deep root system with strong tap roots, improving 
stability in mineral soils. However, on wet peatlands, it may also 
adopt a shallower root structure. Norway spruce, on the other hand, 
has a shallower, plate-like root system that reinforces the upper peat 
layer (Kalliokoski, 2011; Stokes & Mattheck, 1996).

Root reinforcement is typically evaluated using empirical or mecha-
nistic models that assess how roots contribute to soil stability (Schwarz 
et al., 2010). Most studies in recent decades have followed the approach 
of Waldron (1977), Wu et al. (1979), which treat root bundles as adding 
cohesion to the soil. These models require parameters such as root 
tensile strength, root area ratio (RAR), and root distribution, obtained 
through field and laboratory tests (Genet et al., 2005; Schwarz et al., 
2010). While advanced models such as the Root Bundle Model with 
Weibull survival (RBMw) (Schwarz et al., 2013) and RootMap (Schwarz 
et al., 2010) improve predictions by incorporating progressive root 
failure, they primarily focus on slope stability and do not account for 
stump-root influence on soil response to machine traffic.

Some studies have attempted to quantify the spatial effects of 
stump-root systems (Piskunov, 2023) and have found that stumps help 
reduce rut depth variability along skidding trails. However, compre-
hensive spatial modelling approaches remain underdeveloped, and no 
existing model fully integrates stump-root reinforcement, soil proper-
ties, and machine loading into a predictive model. There is a clear 
need for predictive tools that support machine path planning, enabling 
managers and operators to avoid high-risk areas and minimise soil 
disturbance. Improved management strategies are also essential for 
optimising forestry operations on sensitive soils.

This study aims to address that gap by developing a spatially explicit 
model that integrates stump locations and characteristics, soil and envi-
ronmental parameters, and machine-induced depth values. Specifically, 
3 
this study aim to (a) evaluate the accuracy of UAV-based Digital Terrain 
Models (DTM) by comparing them with manual rut depth measure-
ments and (b) develop a spatial decay model that interpolates stump 
diameter and root reinforcement effects over distance. Additionally, the 
study utilised machine learning model to assess key predictors of rut 
depth and evaluate how stump-related variables influence soil deforma-
tion in straight and curved trail configurations. By further integrating 
this approach with DTW maps, the model could improve decision-
making in drained peatlands, reducing the environmental impact of 
forestry operations.

2. Materials and methods

2.1. Study area

The research was conducted in a peatland area near Tiilikkala in 
the municipality of Rautavaara, Northern Savonia, Finland (61◦ 32′
0’’ N, 26◦ 50′ 0’’ E, UTM zone 35N) (Fig.  1). The Rautavaara region 
is considered generally flat, with elevations ranging from sea level to 
about 100 to 200 meters above sea level. The landscape is primarily 
natural, with vast peatlands, considerable forest areas, and numerous 
lakes, including the nearby Lake Pielinen (Similä et al., 2014).

The region is characterised by a cold temperate climate with con-
siderable seasonal changes. Winters are long, cold, and snowy, while 
summers are mild and short. The average annual temperature is around 
2 to 4 ◦C, with January being the coldest month (−10 to −15 ◦C) 
and July being the warmest month (15 to 20 ◦C). Rainfall is rela-
tively evenly distributed throughout the year, averaging approximately 
600–700 mm (Finnish Meteorological Institute, 2018).

The study site is a mixed stand dominated by Scots pine (Pinus 
sylvestris) and Norway spruce (Picea abies). Peat depth in the area 
averages 149 cm, with a moisture content of approximately 86%wgt. 
The groundwater depth is relatively shallow, averaging approximately 
29 cm.

2.2. Data collection and processing

2.2.1. Field data collection
The study area comprises five test trails, each with two configura-

tions — straight and curved. In this context, the term ‘‘trail’’ refers to 
the machine’s travel path, including both the left and right wheel ruts 
formed by the forwarder. The straight trails were 20 meters long and 
4 meters wide, while the curved trails, also 4 meters wide, had a 20-
meter radius and formed a 90◦ turn. The trails were carefully designed 
to allow the forwarders to move smoothly between straight and curved 
configurations without causing sharp turns or damaging the paths. To 
keep the soil and tree roots within the test trails undisturbed, the trails 
were prepared in advance using a harvester operating outside the test 
areas. Felled trees were processed away from the trails to avoid creating 
slash mats.

Five different models of forwarders were tested, each equipped with 
specific track configurations suited for the conditions. These forwarders 
were used consistently on both straight and curved configurations. The 
forwarders included — the Ponsse Elk with a long wheelbase (LWB), 
the older generation Ponsse Elk with Fomatec tracks (EFwo), the older 
generation Ponsse Elk with Fomatec tracks and add-on track shoes 
(EFw), the Ponsse Buffalo with KOPA high flotation tracks (Kopa), and 
the Ponsse Elk 10 W with Olofsfors mixed tracks (E10 W). The data used 
in this study were initially collected as part of a previous investigation 
on rut formation in peatlands (Ala-Ilomäki et al., 2021). For detailed 
specifications of the machines used, please refer to the original study.

UAV-based data collection was carried out at the same experimental 
sites and during the same 2019 field campaign, alongside the manual 
rut depth measurements. UAV images were captured immediately be-
fore and after each machine pass, ensuring that all data sources reflect 
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Fig. 1. Study area in a peatland near Tiilikkala, Rautavaara, Northern Savonia, Finland. The figure displays straight and curved sections of Trail 1 after the third machine pass. 
The left panel shows the site location, while the middle and right panels present orthomosaics of the trails. Red dots indicate manual rut depth measurements along the wheel 
ruts (blue polygons), and yellow dots mark tree stumps. This setup was used consistently across all five trails. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.)
the same site conditions. As a result, no temporal changes needed to be 
considered between the different data collection methods.

The machine test mass includes the estimated load and the
manufacturer-specified mass of the forwarder and tracks. The forwarder 
was loaded with approximately 5,100 kg of pulpwood, each piece av-
eraging 4.56 meters in length. This load size, selected by the forwarder 
operator during the initial test, was chosen to facilitate three to four 
passes on each trail with minimal risk of bogging down. Consequently, 
the forwarder completed the planned number of passes on each trail.

Rut depth was measured after each forwarder pass using a hori-
zontal laser level and a surveyor’s measuring rod. Measurements were 
taken at specific points along both the right and left wheel ruts, 
generally spaced every 2–3 meters across the trails. A total of 198 
measurements were collected — 126 from straight sections and 72 
from curved sections, with the difference reflecting variations in trail 
length. Since straight sections were longer, they naturally yielded more 
total measurements. These measurements were distributed across all 
test trails to ensure a representative assessment of rut depth variability 
in both configurations. To maintain consistency, measurement points 
were marked on the peat surface using spray paint. This ensured that 
we recorded new data at the same locations throughout the passes.

Rut depth was recorded at the deepest point, typically within a 
track shoe depression in the peat. Additionally, peat moisture content 
(𝑊peat, %wgt) was recorded for each trail and configuration as a site-
specific parameter. Shear modulus (𝐺trail, kPa), measured with a spiked 
shear vane (Ala-Ilomäki, 2013), was also recorded at each measurement 
point. Nominal ground pressure (NGP) was determined based on the 
machine’s technical specifications and depended on both the contact 
area and the machine’s weight. The front and rear track sections were 
reported separately to account for variations in load distribution. For 
4 
further analysis, the average (𝑁𝐺𝑃mean) and maximum NGP (𝑁𝐺𝑃max) 
values were used to represent the technical specifications of the ma-
chines. Three passes, each defined as a single traversal of the machine 
in one direction, were conducted on trails 1, 3, and 4, while trails 2 
and 5 underwent four passes. A fourth pass was not conducted at all 
sites because the peat had reached its strength limit.

2.2.2. UAV data collection and processing
Drone flights were conducted using the DJI Phantom 4 Pro (model: 

FC6310), flying at altitudes around 30-35 m, capturing images over the 
same trails before the operations and immediately after each machine 
pass. A total of fifty ground control points (GCPs) were recorded 
using a Real-Time Kinematic Global Navigation Satellite System (RTK-
GNSS) device. Each trail configuration had at least three GCPs, with an 
average of 56 images captured per area.

The RGB images and GCPs were processed in Agisoft Metashape Pro-
fessional (Agisoft, 2021) to generate an initial point cloud dataset for 
each trail and its configurations. Agisoft Metashape combines Structure-
from-Motion (SfM) and photogrammetric stereo-matching algorithms 
for 3D reconstruction from unordered but overlapping imagery. The 
workflow included image import, alignment, georeferencing, and op-
timisation, followed by the generation of an initial point cloud. The 
GCPs were used to refine camera positions and improve georeferencing 
accuracy.

All point clouds were then exported in .LAS format for further 
processing. To ensure precise alignment across datasets, point clouds 
from each trail and pass were manually aligned in CloudCompare 
using the ‘‘Align (point pairs picking)’’ tool. At least seven point pairs 
were selected for point cloud registration, with the initial pre-operation 
dataset serving as the reference for aligning all subsequent point clouds. 
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Fine registration via the iterative closest point (ICP) algorithm was then 
applied to further improve dataset alignment (CloudCompare, 2024).

To remove irrelevant vegetation, point clouds were classified using 
the cloth simulation filter (CSF) in CloudCompare (Zhang et al., 2016). 
The filtering parameters, such as cloth resolution (1.5), maximum 
iterations (1000), and classification threshold (0.5), were determined 
through trial and error to best separate ground points from vegetation 
while preserving terrain features. The aligned and classified point 
clouds were then reimported into Agisoft Metashape, where ortho-
mosaics were generated for each trail and configuration. Only points 
classified as ‘ground’ were used to generate a digital terrain model 
(DTM) at a resolution of 0.03 m. Finally, all DTMs and orthomosaics 
were exported in GeoTIFF (.tif) format.

2.2.3. Rut depth analysis
To quantify elevation changes caused by each machine pass and as-

sess the accuracy of UAV-based rut depth measurements, we used DTMs 
to evaluate elevation differences after each pass. These changes were 
determined by subtracting the DTMs generated after each machine pass 
(DTM1, DTM2, DTM3, DTM4) from the initial DTM (DTM0), captured 
before operations for all trail configurations.

To evaluate the accuracy of the UAV depth measurements, we 
compared a total of 198 manual reference points, as described in Sec-
tion 2.2.1, with the mean DTM value within a 10 cm buffer around each 
point. Accuracy was assessed separately for each pass and each trail to 
ensure consistency across different configurations. We then calculated 
error metrics, including the mean absolute error (MAE) (Eq. (1)), root 
mean square error (RMSE) (Eq. (2)), relative RMSE (RMSE%) (Eq. (3)), 
and the standard deviation of differences (SD) (Eq. (4)). 

MAE = 1
𝑛

𝑛
∑

𝑖=1
|𝑦𝑖 − 𝑦̂𝑖| (1)

RMSE =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2 (2)

RMSE% =
(

RMSE
𝑦̄

)

× 100 (3)

SD =

√

√

√

√

1
𝑛 − 1

𝑛
∑

𝑖=1

[

(𝑦𝑖 − 𝑦̂𝑖) − 𝑑
]2

(4)

In equations  (1)–(4), 𝑦𝑖 are the observed (manual) values, 𝑦̂𝑖 are the 
predicted (UAV-derived) values, 𝑛 is the number of observations, 𝑦̄ is 
the mean of the observed values, and 𝑑 is the mean of the differences 
(𝑦𝑖− 𝑦̂𝑖). All statistical analyses and visualisations were performed using 
Python 3.12.

2.3. Tree stump influence and soil properties

2.3.1. Tree stump mapping
This study analysed tree stump positions and processed DTMs before 

and after each machine pass, along with manual measurements, to 
assess the influence of tree root systems on rutting. For each parameter 
described below, a corresponding raster map was created at a 0.03 m 
resolution, aligned with the DTM for each trail configuration. Wheel 
ruts in these areas were manually digitised, and all DTMs and other 
raster layers were clipped using these polygons. Only the pixels within 
these polygons were used in further analysis, ensuring that we focused 
specifically on machine-induced rutting effects.

To obtain precise locations, tree stumps within each trail and their 
configurations were manually identified using orthomosaics. Each or-
thomosaic was clipped using a 6-meter buffer around the trail centre-
line to define the mapping area. We assumed a 6-meter buffer was 
sufficient to capture all relevant stumps that could potentially influence 
rut formation within the affected soil zone. This area was then manually 
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mapped to identify stump locations. A polygon was then created for 
each stump to define its boundaries and calculated the diameter by 
finding the largest distance between its vertices (Eq. (5)). 

𝑑 = max
(
√

(𝑥2 − 𝑥1)2 + (𝑦2 − 𝑦1)2
)

(5)

Eq.  (5) defines 𝑑 as the largest distance between any two vertices, 
and (𝑥1, 𝑦1) and (𝑥2, 𝑦2) as coordinates of any two vertices of the poly-
gon. We also generated centroid points for further impact assessment. 
The summary of diameters across all sites and trails is presented in Fig. 
5.

2.3.2. Peat strength estimation
Peat soils have a highly variable bearing capacity influenced by 

moisture content. In this study, peat strength refers to the unconfined 
compressive strength of peat and was estimated based on existing 
guidelines from plate loading tests, which reflect the unconfined com-
pressive strength of peat under deformation conditions (Miljøminis-
teriet, 2005).

In dry conditions, peat strength typically ranges from 40 to 70 kPa, 
while in moist conditions, it decreases to between 10 and 40 kPa
(Miljøministeriet, 2005). The peat’s moisture content on the site aver-
aged 86% (%wgt), ranging from 84% to 89% based on field measure-
ments. To align the peat strength with the specific moisture levels of 
each trail, we estimated the peat strength (𝑆peat) for each pixel using 
the following formula: 

𝑆peat = 40 − 3 × (𝑊peat − 85) (6)

where 𝑆peat is the estimated peat strength (kPa), and 𝑊peat is the peat 
moisture content (%wgt). In this formula, the base strength is 40 kPa 
at a moisture level of 85%. The strength increases to approximately 
42 kPa at the lowest recorded moisture level of 84%, while it decreases 
to approximately 27 kPa at the highest recorded moisture level of 89%.

2.3.3. Distance to the stump
The influence of stumps on soil stability diminishes with

distance (Schwarz et al., 2010). To quantify this effect, we used an 
exponential decay model to represent the cumulative influence of 
multiple stumps (Fig.  2). While exponential decay models are widely 
used in environmental and geomechanical studies to describe processes 
such as root reinforcement decay and soil production (Masi et al., 
2021), to our knowledge, they have not yet been applied specifically 
to understanding the role of stumps in rut formation.

The modelled influence follows an exponential decline, with the 
effect strongest near the stump and gradually decreasing with distance 
(Eq. (7)). 

𝐼(𝑑) = 𝑒−𝑘⋅𝑑 (7)

where 𝐼(𝑑) is the influence at a distance 𝑑, 𝑑 is the distance from 
the centre of the stump to the centre of the pixel being evaluated in 
m, and 𝑘 is the decay constant that controls how quickly the influence 
diminishes. A higher 𝑘 value indicates a rapid decline in influence, 
while a lower 𝑘 value means the influence extends over a broader area.

We determined the decay constant (𝑘 = 0.3) by evaluating a range 
of candidate values (𝑘 = 0.1, 0.2, 0.3, 0.4, 0.5, 1.0) in an iterative manner. 
The selected value was chosen to achieve a realistic balance between 
the influence range and decay rate, ensuring that the influence extends 
spatially in a reasonable manner without exaggerating its effect.

To determine the distance from the stump to the centre of each pixel 
𝑑, we used the Euclidean distance equation (Eq. (8)). 

distance =
√

(𝑥pixel − 𝑥stump)2 + (𝑦pixel − 𝑦stump)2 (8)

where, 𝑥stump and 𝑦stump are the coordinates of the stump’s centroid, 
𝑥 , 𝑦  are the coordinates of the centre of each pixel in the raster.
pixel pixel
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Fig. 2. Visualisation of distance-based stump influence. (a) Influence of a single stump (A) modelled using an exponential decay function. (b) Cumulative influence using the same 
exponential decay function from multiple nearby stumps (A, B, C).
Given that larger stumps have a more substantial influence due to 
more extensive root systems, we adjusted the function to include stump 
diameter as a scaling factor (Eq. (9)). 

𝐼(𝑑,𝐷) =
(

1 + 𝛼 ⋅
𝐷

𝐷ave

)

⋅ 𝑒−𝑘⋅𝑑 (9)

where 𝐷 is the stump diameter, 𝐷ave is the average diameter of 
all stumps, and 𝛼 is a scaling constant controlling the effect of stump 
diameter on influence.

To account for overlapping influences from multiple stumps, the 
cumulative influence (CI) at each pixel (Fig.  2) was calculated as the 
sum of the adjusted influences from all nearby stumps (Eq. (10)). This 
cumulative effect aims to replicate actual environmental conditions, 
where multiple tree root systems often interact, creating an interlinked 
network that improves soil stability (Schwarz et al., 2016). 
𝐶𝐼 =

∑

stumps
𝐼(𝑑,𝐷) (10)

In Eq. (10), 𝐼(𝑑,𝐷) is the influence of an individual stump at a 
distance 𝑑 from the pixel, scaled by the stump’s diameter 𝐷. 𝐶𝐼 rep-
resents the cumulative influence at each pixel, calculated by summing 
contributions from all stumps. Stumps with 𝐷 > 𝐷ave have a scaling 
factor greater than 1, increasing their influence, those with 𝐷 < 𝐷ave
have a scaling factor less than 1, reducing it. This summation accounts 
for overlapping root systems and their combined effects.

2.3.4. Root reinforcement modelling
To estimate root reinforcement in our study, we used a simplified 

interpolation and curve-fitting method based on the findings of Schwarz 
et al. (2010). The study reported maximum reinforcement values for 
Norway spruce (Picea abies) at specific distances from the tree trunk, 
grouped by stump diameters of 20, 40, and 60 cm. We expanded on this 
data by interpolating reinforcement values at 50 cm intervals. Using the 
interpolated values, we applied a reverse sigmoidal function (Eq. (11)) 
to create smooth curves for each stump diameter group. The reverse 
sigmoidal function, in this case, captures the natural decline of root 
support, being most robust near the stump and gradually declining 
outward. This resulted in specific equations for each group (Eq. (11), 
Table  1). The general function is defined as: 

𝑅𝑅𝑉 (𝑥) = 𝐿
1 + 𝑒−𝑘(𝑥−𝑥0)

(11)

where 𝑅𝑅𝑉  is the root reinforcement value (kPa) at a given distance 
𝑥 from the stump, where 𝑥 is measured in m. 𝐿 is the maximum rein-
forcement level derived from the data (kPa), 𝑘 controls the steepness of 
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Table 1
Logistic curve coefficients for different stump diameters.
 Diameter
class (cm)

𝐿 (kPa) 𝑘 𝑥0  

 20 21.09 −1.006 2.61 
 40 45.16 −1.046 3.74 
 60 79.55 −1.016 4.01 

the curve, 𝑥0 is the distance at which the curve has an inflection point, 
𝑥 is the distance from the stump to the pixel being evaluated.

These coefficients were then applied iteratively to each digitised 
stump across the study area, considering the stump diameter, the 
distance from the stump centre to the centre of each pixel (Eq. (8)), 
and the coordinates of each pixel.

Specific parameters (Table  1) were used to compute the reinforce-
ment value for each pixel based on its distance from the stump, fol-
lowing a sigmoidal decay curve. The influence radius was guided by 
the approach described in Schwarz et al. (2010), which relates stump 
diameter to the extent of root reinforcement, with distances indicating 
where reinforcement approaches zero (𝑅𝑅𝑉  = 0). For areas where the 
reinforcement effect of multiple stumps overlapped, we summed the 
reinforcement values to account for the combined effect. This was done 
by iterating over each stump, applying the logistic function within its 
influence radius, and accumulating the values in an RRV raster. The 
resulting RRV raster values were then normalised to a scale of 0–100 
using Eq. (12), resulting in a root reinforcement map that reflects the 
combined spatial influence of all stumps across the study area. 

𝑅norm = 100 ⋅
𝑅final − 𝑅min
𝑅max − 𝑅min

(12)

where 𝑅final represents the summed reinforcement values, and 𝑅min
and 𝑅max are the minimum and maximum reinforcement values across 
the study area.

2.4. Statistical analysis

To evaluate how tree stumps influence rut depth, we categorised CI 
values within each trail and configuration into five groups: ‘‘very high’’, 
‘‘high’’, ‘‘moderate’’, ‘‘moderately low’’, and ‘‘low’’. Areas classified as 
‘‘very high’’ contained dense, large stumps, contributing to a strong 
influence, while ‘‘low’’ areas had fewer stumps and less influence. 
The categorisation was based on the distribution of the CI values, 
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Table 2
Effect size (𝜀2) interpretation thresholds for the 
Kruskal–Wallis test.
 Effect size Threshold (𝜀2)  
 Small 𝜀2 ≥ 0.01 and < 0.06 
 Medium 𝜀2 ≥ 0.06 and < 0.14 
 Large 𝜀2 ≥ 0.14  

which were split into these groups according to natural breaks observed 
in the histogram and Kernel Density Estimation (KDE) plots. These 
breakpoints were chosen to represent shifts in the data, ensuring each 
group captured a distinct range of influence.

The data were first tested for normality using the Shapiro–Wilk test 
across straight and curved configurations. Since the results indicated 
a non-normal distribution, we used the Kruskal–Wallis test to assess 
whether rut depth significantly differed among distance groups within 
each pass and trail configuration. If p < 0.05, then at least one distance 
group had a significantly different rut depth. If p > 0.05, we concluded 
that rut depth did not significantly vary across distance groups within 
that configuration. Due to the large and uneven sample sizes among 
distance groups, we employed balanced random subsampling to ensure 
fair statistical comparisons and to mitigate the risks associated with 
large-sample biases. To additionally assess the stability of our samples, 
we repeated the Kruskal–Wallis test across five independent iterations, 
each using a new random subsample from the dataset.

To determine the effect size of rut depth variations, we computed 
epsilon-squared (𝜀2) (Eq. (13)) as a measure of effect size for the 
Kruskal–Wallis test. This metric helps determine the proportion of vari-
ance in rut depth explained by distance groups, with values above 0.06 
indicating a moderate effect and values above 0.14 (Table  2) suggesting 
a strong influence of stump presence on rut depth formation (Carroll & 
Nordholm, 1975; Glass & Hakstian, 1969). 

𝜀2 = 𝐻
𝑁2−1
𝑁+1

(13)

where, 𝐻 is the Kruskal–Wallis test statistic, and 𝑁 is the total number 
of observations.

A small effect size might suggest a significant but weak influence of 
stump proximity on rut depth, while a large effect size would indicate 
that stump proximity has a much stronger influence on rut formation.

2.5. ML for depth prediction

To evaluate how well rut depth can be predicted using soil prop-
erties, stump influence, and environmental factors, we implemented 
a Random Forest (RF) model. Machine learning algorithms identify 
complex spatial and non-linear relationships between inputs and targets 
that traditional statistical methods often fail to capture. For instance, 
RF constructs multiple decision trees and combines their outputs for 
more reliable predictions (Breiman, 2001). We employed an RF model 
to predict rut depth based on soil properties, the presence of stumps, 
and other factors. The model used only pixels where the DTM-derived 
depth value was below 0 as the dependent variable (𝑌 ), while soil, en-
vironmental, and machine parameters served as independent variables 
(𝑋) (Table  3).

The selection of RF was based on the distribution of the data and 
the complexity of the predictor variables. Kolmogorov–Smirnov tests 
and skewness analysis indicated that key variables (𝐶𝐼 , 𝑅𝑅𝑉 , and 
𝑆𝑀) were highly skewed, rejecting the normality assumption required 
for linear regression. Additionally, 𝑅𝑅𝑉  and 𝐶𝐼 follow logistic and 
exponential decay functions, both of which introduce non-linearity and 
interaction effects.

The model was trained separately for each pass over various
datasets, including (a) the full or combined dataset as well as separate 
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Table 3
List of dependent (𝑌 ) and independent (𝑋) variables used in the Random Forest (RF) 
models.
 Variable ID Variable Units  
 𝑌 Rut depth (𝑅𝐷) m  
 𝑋1 Root reinforcement value (𝑅𝑅𝑉 ) arbitrary units 
 𝑋2 Cumulative distance from the stump (𝐶𝐼) arbitrary units 
 𝑋3 Moisture-dependent peat strength (𝑆peat) kPa  
 𝑋4 Shear modulus (𝐺trail) kPa  
 𝑋5 Maximum NGP (𝑁𝐺𝑃max) kPa  
 𝑋6 Mean NGP (𝑁𝐺𝑃mean) kPa  

datasets for (b) straight and (c) curved trails. We tuned the RF hyperpa-
rameters to improve model accuracy using RandomizedSearchCV (Pe-
dregosa et al., 2011). The final configuration used was 𝑛estimators = 200, 
𝑚𝑎𝑥depth = None, 𝑚𝑖𝑛samples_split = 5, and 𝑚𝑖𝑛samples_leaf = 1.

Feature importance scores were initially determined using the RF 
model, after which Recursive Feature Elimination (RFE) was utilised to 
refine the model for both straight and curved trail configurations, as 
well as for the combined dataset. This process iteratively removes the 
least essential features while maintaining predictive performance, and 
the final model retained the top three features ranked by importance. 
Separate RF models were then trained for each configuration and pass.

Model performance was evaluated using 10-fold cross-validation for 
each configuration and pass, where the dataset was randomly divided 
into 10 equal-sized folds. The process was repeated 10 times. In each 
iteration, one fold was used as the test set while the remaining nine 
folds were used for training. This ensured that every data point was 
used once for testing and nine times for training. Predictive accuracy 
was quantified using the coefficient of determination (𝑅2) (Eq. (14)), 
and model performance results are reported as the average 𝑅2 values 
obtained across the 10 cross-validation folds.

𝑅2 = 1 −
∑𝑛

𝑖=1
(

𝑦𝑖 − 𝑦̂𝑖
)2

∑𝑛
𝑖=1

(

𝑦𝑖 − 𝑦̄
)2

(14)

where, 𝑅2 is the coefficient of determination, 𝑛 is the number of 
data points, 𝑦𝑖 is the actual value of the 𝑖th data point, 𝑦̂𝑖 is the 
predicted value of the 𝑖th data point; 𝑦̄ is the mean of the actual values 
(𝑦̄ = 1

𝑛
∑𝑛

𝑖=1 𝑦𝑖), 
∑𝑛

𝑖=1
(

𝑦𝑖 − 𝑦̂𝑖
)2 is the residual sum of squares (SSR), 

∑𝑛
𝑖=1

(

𝑦𝑖 − 𝑦̄
)2 is the total sum of squares (SST).

To demonstrate the model’s performance, we applied the best-
performing RF configuration to a synthetic spatial dataset consisting 
of simulated shear modulus values and randomised tree stump distri-
butions. Shear modulus values were generated by randomly placing 
control points across the area and interpolating them over a grid using 
cubic interpolation to create a continuous surface. Tree stumps were 
also randomly distributed, with diameters ranging from 10 to 40 cm 
and a minimum spacing of 2 m between them (60 stumps in total). To 
simulate more natural clustering, each stump’s diameter was averaged 
with those of nearby stumps. The key predictor variables identified 
in the model analysis were used to generate corresponding pixel-wise 
input datasets. The trained model was then applied to this synthetic 
area, and the predictions were visualised as a contour map. The input 
raster grid resolution was initially set to 0.03 m and later resampled to 
0.5 × 0.5 m for visualisation purposes.

3. Results

3.1. Rut depth analysis

The average rut depth across all trails and configurations was 
15.5 cm for manual measurements and 12.5 cm for UAV measurements, 
with standard deviations of 7.6 cm and 8.3 cm, respectively. Both 
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Table 4
Summary statistics of manual and UAV measurements across machine passes. Each value represents the overall statistic, with values in parentheses indicating the 
straight (first) and curved (second) configurations.

Mean 
(manual)

Mean 
(UAV)

SD 
(manual)

SD 
(UAV)

MAE 
(cm)

RMSE 
(cm)

RMSE 
(%)

Pass 1 11.1 
(11.3, 10.7)

10.6 
(10.9, 9.9)

5.9 
(6.4, 4.8)

5.3 
(5.9, 4.0)

2.2 
(1.8, 2.8)

3.0 
(2.4, 3.6)

26.5 
(21.4, 34.1)

Pass 2 15.0 
(14.9, 15.1)

14.1 
(13.5, 15.0)

6.6 
(7.2, 5.5)

6.0 
(6.4, 5.0)

2.3 
(2.0, 2.7)

3.1 
(2.6, 3.8)

20.8 
(17.5, 25.3)

Pass 3 19.3 
(19.2, 19.5)

17.6 
(17.6, 17.7)

7.3 
(7.8, 6.3)

7.0 
(7.7, 5.7)

2.7 
(2.4, 3.1)

3.5 
(3.0, 4.2)

18.3 
(15.9, 21.8)

Pass 4 20.5 
(20.6, 20.2)

19.8 
(19.8, 19.9)

7.6 
(8.1, 6.6)

6.8 
(6.9, 6.7)

3.3 
(2.7, 4.2)

4.2 
(3.4, 5.2)

20.3 
(16.5, 25.7)

Total 15.5 12.5 7.6 8.3 2.5 3.3 24.9
datasets showed variation in rut depth across trails and configurations, 
with differences influenced by the number of passes (Table  4).

For manual measurements, rut depth ranged from –8 cm (N = 
4) to a maximum of 41 cm, with negative values occurring due to 
upwelling or measurement difficulties near stumps. UAV measurements 
followed a similar trend but ranged from 0 cm to 40 cm, showing 
slightly lower values for deeper ruts, particularly on curved trails 
(Fig.  3). Across passes, UAV consistently measured lower rut depths 
than manual measurements. In Pass 1, UAV underestimated by 0.5 cm 
(10.6 cm vs. 11.1 cm), with the gap increasing slightly in later passes. 
In Pass 4, UAV measured 19.8 cm compared to 20.5 cm manually, 
maintaining a consistent underestimation trend. Measurement variabil-
ity also increased as ruts deepened. SD remained similar in early passes 
(5.9 cm manual and 5.3 cm UAV in Pass 1) but showed a slight decrease 
in UAV measurements in later passes (7.6 cm manual and 6.8 cm UAV 
in Pass 4). The UAV underestimation was more consistent in straight 
trails, but greater variability was observed in curved trails, where SD 
reached 8.1 cm for manual measurements in Pass 4 compared to 6.7 cm 
for UAV.

Rut depth increased from Pass 1 to Pass 4, as expected, with each 
pass further compacting the soil and increasing rut formation. This 
effect was more pronounced on curved trails, where lateral forces 
exerted by the machine contributed to deeper ruts by both compacting 
and displacing the soil. These trends were consistent with findings in 
the same study area (Ala-Ilomäki et al., 2021). The boxplots in Fig.  3 
illustrate this pattern, showing that straight trails exhibited lower rut 
depths than curved trails in both manual (Fig.  3(a)) and UAV-derived 
(Fig.  3(b)) measurements.

While both methods captured the overall trend of rut formation, 
differences in accuracy were observed. Manual measurements (Fig. 
3(a)) showed a broader distribution of rut depths, particularly in the 
earlier passes, while UAV measurements (Fig.  3(b)) followed a similar 
pattern but with consistently lower values.

Measurement errors increased as passes progressed. The MAE in-
creased from 2.2 cm in Pass 1 to 3.3 cm in Pass 4, while RMSE 
increased from 3.0 cm to 4.2 cm (Fig.  4). RMSE was highest in curved 
trails, reaching 5.2 cm in Pass 4 compared to 3.4 cm in straight trails, 
highlighting the UAV’s difficulty in capturing the full depth of irregular 
ruts. SD for both manual and UAV measurements increased with each 
pass, showing greater variability in rut formation as deeper ruts devel-
oped due to soil displacement and compaction. Several outliers (> 30
cm) were recorded, primarily in curved trails, where machine-induced 
lateral displacement resulted in more uneven rut profiles.

3.2. Tree stump influence and soil properties

Tree stump diameters ranged from 5.4 cm to 30.0 cm, with fewer 
stumps at the extreme ends of this range. The average diameter was 
22.5 cm, with a standard deviation of 8.1 cm, indicating moderate 
variation. In total, 269 stumps were analysed. Fig.  5 shows the distribu-
tion of stump diameters across different trails and configurations with 
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consistent median values. No significant differences were observed be-
tween straight and curved trail configurations, and the overall average 
diameter remained stable across all trails.

Peat moisture content averaged 86% across all trails, ranging from 
84% to 89%, with higher moisture levels observed on curved trails. 
The estimated peat strength (Table  5) varied accordingly, ranging from 
35.0 to 42.6 kPa on straight trails and 27.0 to 37.7 kPa on curves, 
indicating weaker soil conditions and higher susceptibility to rutting in 
curved sections. The shear modulus of the peatland top layer exhibited 
significant variability, with values ranging from 30.8 to 383.4 kPa on 
straight trails, while curved trails showed considerably lower stiffness, 
ranging from 23.9 to 138.3 kPa (Table  5).

To illustrate how stump presence and terrain changes interact spa-
tially, Fig.  6 presents UAV-derived elevation differences (a–c), cal-
culated as the difference between the post-pass DTM and the pre-
operation DTM, alongside the cumulative stump influence map (d) 
for one representative straight trail. Areas with higher cumulative 
influence, typically near larger or clustered stumps, tend to align with 
zones of reduced rutting, suggesting a local stabilising effect.

Statistical analysis

To assess how stump presence influenced rut formation, rut depth 
values were analysed across the five CI groups (very high, high, mod-
erate, mod-low, and low) (Table  6). The Shapiro–Wilk test indicated a 
non-normal distribution for both straight (W = 0.97, p <.05) and curved 
(W = 0.93, p <.05) configurations. Therefore, the Kruskal–Wallis test 
was performed to compare the rut depth across influence groups. 
Results showed significant differences in rut depth among influence 
groups across all passes and configurations (p < 0.05) (Table  7). To 
ensure fair statistical comparisons and mitigate biases from uneven 
sample sizes, balanced random subsampling (n = 5000 per group) was 
applied. The Kruskal–Wallis test was repeated across five independent 
iterations using different random subsamples, confirming that results 
remained stable. These results are presented in Table  7.

The H-statistic from the Kruskal–Wallis test measures rank-based 
differences between groups, with higher H-values indicating stronger 
differences among the CI groups. For straight trails, the H-statistics 
ranged from 94.61 (Pass 1) to 280.79 (Pass 4), with Pass 4 showing the 
highest value, indicating stronger differences between the groups. This 
suggests that, during Pass 4, rut depth varied significantly, with areas 
of high stump density showing deeper ruts compared to areas further 
from stumps. For curved trails, the H-statistics ranged from 74.71 (Pass 
1) to 524.38 (Pass 4), with similarly significant differences in rut depth 
across influence groups, especially in Pass 4. This indicates that the 
presence of stumps impacts rut depth across both trail types, but the 
influence appears to be stronger in curved trail sections, possibly due 
to differences in the terrain.

The epsilon-squared values indicate that stump presence has a 
moderate to large effect on rut depth in curved trails, with medium 
effects observed in straight trails, especially in Pass 4. For straight trails, 
the 𝜀2 values ranged from 0.04 to 0.20, indicating a small to medium 
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Fig. 3. Descriptive statistics of manual and UAV rut depth measurements. (a) Boxplot of manual rut depth measurements by trail type (straight and curved). The box shows the 
1st (25%) and 3rd (75%) quartiles, while the whiskers represent data within 1.5 times the interquartile range (IQR). The red dashed line represents the mean rut depth of 13.2 cm 
across all manual measurements. (b) Boxplot of UAV rut depth measurements by trail type (straight and curved). The same style as (c), with the red dashed line representing the 
mean rut depth for UAV measurements of 12.9 cm across all UAV measurements. (For interpretation of the references to colour in this figure legend, the reader is referred to the 
web version of this article.)
Table 5
Summary of peat moisture, peat strength, and shear modulus by configuration.
 Configuration Peat moisture (%) Peat strength (kPa) Shear modulus (kPa)
 Min Max Mean Min Max Mean Min Max Mean  
 Straight 84.1 86.7 85.2 35.0 42.6 39.3 35.2 383.4 86.3  
 Curved 85.7 89.3 87.0 27.0 37.8 34.0 23.9 138.3 51.8  
Table 6
Summary statistics of rut depth, including median, mean, and standard deviation 
(SD), all expressed in centimeters (cm), by cumulative influence (CI) groups and 
configurations.
 Influence group Configuration Median (cm) Mean (cm) SD (cm) 
 Low Straight 14 15 9  
 Low Curved 18 19 11  
 Mod-low Straight 14 15 9  
 Mod-low Curved 16 18 11  
 Moderate Straight 14 15 8  
 Moderate Curved 14 15 10  
 High Straight 13 14 8  
 High Curved 12 13 9  
 Very high Straight 9 12 9  
 Very high Curved 9 10 8  

Table 7
Kruskal–Wallis test for depth variations among cumulative influence (CI) groups 
by trail configuration and pass. The Epsilon-squared (𝜀2) column is highlighted to 
reflect the corresponding effect strength with light grey for small, light blue for 
medium, and a deeper blue for large effects, as defined in Table  2.
Configuration Pass H-statistic p-value Epsilon-squared (𝜀2)
Straight 1 94.61 < 0.05 0.06
Straight 2 219.01 < 0.05 0.07
Straight 3 119.24 < 0.05 0.04
Straight 4 280.79 < 0.05 0.20
Curved 1 74.71 < 0.05 0.02
Curved 2 397.23 < 0.05 0.10
Curved 3 334.86 < 0.05 0.09
Curved 4 524.38 < 0.05 0.32

Total All 1701.27 < 0.05 0.07

effect size. Pass 4 had the highest effect size (𝜀2 = 0.20), suggesting 
that the influence of stumps on rut depth was most pronounced in this 
pass. For curved trails, the 𝜀2 values ranged from 0.02 to 0.32, showing 
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a similar pattern. Pass 4 again had the highest effect size (𝜀2 = 0.32), 
which is considered a medium to large effect, indicating a strong impact 
of stump presence on rut formation in curved trails.

The results are further visualised in Fig.  7, which presents boxplots 
of rut depth across influence groups for each pass and configuration. 
The plots illustrate a consistent trend where rut depth tends to be 
lowest in areas of high stump presence (very high CI) and increases 
as the distance from stumps increases (low CI).

3.3. ML for depth prediction

After training the model to predict rut depth, the RF models iden-
tified and ranked the most influential predictor variables. The results 
show that cumulative stump influence, root reinforcement value, and 
shear modulus were the top three predictors across all trail configura-
tions (combined, straight, and curved datasets). These features were 
consistently ranked highest by the RF model and selected by RFE. 
In contrast, moisture-dependent peat strength, along with mean and 
maximum NGP, had minimal contribution across all configurations 
(Fig.  8).

A detailed analysis of feature significance across various trail se-
tups shows distinct patterns. In the combined dataset (Fig.  8(a)), RRV 
(0.394) and CI (0.384) contributed almost equally to rut depth pre-
diction, with RRV slightly outperforming CI. 𝐺trail was the third most 
important feature but had a much lower score (0.109), indicating 
a weaker influence. For straight trails (Fig.  8(b)), RRV (0.429) and 
CI (0.419) recorded their highest importance scores, reinforcing their 
dominant role in rut formation. In contrast, 𝐺trail had minimal influence 
(0.094), while the remaining features had negligible impact. In curved 
trails (Fig.  8(c)), RRV remained the most influential predictor (0.421), 
but CI’s importance slightly declined (0.358). Interestingly, 𝐺trail played 
a greater role (0.146), suggesting that variations in shear modulus may 
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Fig. 4. Scatterplot of manual and UAV measurements for Pass 1 to 4 (a–d). The blue line represents the regression line, while the red dashed line indicates the 1:1 reference line. 
The Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) are provided in cm for each pass. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.)
be more influential in curved terrain, where soil resistance dynamics 
are likely to differ from those in straight trails.

It is important to note that both RRV and CI were derived using sim-
ilar approaches, as both incorporate stump diameter and distance to the 
stump as key input elements. Due to their conceptual similarities, they 
demonstrated a strong correlation of 𝑅2 = 0.76. However, they capture 
different aspects of stump-root influence on soil stability. Therefore, 
both were retained for further model training, as feature importance 
analysis consistently ranked them among the top predictors across all 
setups. In fact, model performance tests showed that removing CI led 
to a 78.6% reduction in predictive accuracy, while removing RRV 
caused an 80.8% reduction, highlighting their contribution to model 
performance. RF performs best when it can use non-linear relationships 
and interactions between features. Removing one feature restricts the 
model’s capacity to detect threshold effects in RRV, which indicate 
root strength, and to account for distance decay effects in CI, where 
influence decreases with distance. This means that features provide 
important information to the model. Therefore, RRV, CI, and 𝐺trail were 
used for further model training (Fig.  8).

The dominance of RRV and CI across all configurations suggests 
that stump presence plays an essential role in soil stability and rut 
formation. The stronger influence of 𝐺  in curved trails implies that 
trail
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shear modulus variations have a greater effect on rut formation when 
the machine path is nonlinear. The negligible impact of peat strength, 
𝑁𝐺𝑃mean, and 𝑁𝐺𝑃max suggests that nominal ground pressure alone 
may not sufficiently explain rut formation, reinforcing the need to 
include root-related features for more accurate predictions.

To further validate the RF model, 10-fold cross-validation was 
performed across different configurations (Fig.  9), and the results are 
summarised in Table  8. The model demonstrated high predictive capa-
bility, with average training 𝑅2 values consistently above 0.96 across all 
configurations, and test 𝑅2 values varying by trail type. In the combined 
dataset, test 𝑅2 ranged from 0.73–0.85, indicating good generalisation 
across trail types. In straight trails, lower test 𝑅2 values (0.69–0.77) 
suggest weaker predictive performance for rut depth, whereas curved 
trails achieved the highest test 𝑅2 values (0.75–0.85), indicating better 
accuracy under these conditions (Fig.  9).

The lower 𝑅2 values in straight trails may be due to repeated 
passes over the same track, which progressively compacts the soil and 
makes rut formation less sensitive to individual predictor variables. In 
contrast, curved paths show more significant variability due to uneven 
soil compaction and lateral displacement pressures. On curved trails, 
the turning motion of the steel trails can induce lateral displacement 
and localised shear stresses in the soil, particularly when differen-
tial lock is engaged. This creates uneven loading and increased soil 
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Fig. 5. Descriptive statistics of tree stump diameters (cm) from digitised polygons. The histogram (a) shows the diameter distribution in cm. The boxplot (b) displays average 
diameters by trail and configuration (straight or curved), with boxes representing the interquartile range (IQR) and whiskers covering 95% of the data. The line inside each box 
is the median, and the red dashed line indicates the overall mean diameter. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.)
Table 8
Random forest results presented as average performance metrics from 10-fold cross-
validation by configuration and pass, with training and testing dataset sizes indicated 
in thousands of pixels (Kpx).
 Configuration Pass Train size (Kpx) Test size (Kpx) 𝑅2 (Train) 𝑅2 (Test) 
 
Straight

1 160.50 40.10 0.96 0.69  
 2 160.60 40.10 0.96 0.74  
 3 172.70 43.10 0.97 0.77  
 4 74.20 18.50 0.96 0.74  
 
Curved

1 238.60 59.60 0.96 0.75  
 2 226.90 56.70 0.97 0.81  
 3 200.60 50.10 0.98 0.85  
 4 84.30 21.10 0.97 0.82  
 
Combined

1 399.10 99.70 0.96 0.73  
 2 387.50 96.80 0.97 0.80  
 3 373.30 93.30 0.98 0.83  
 4 158.60 39.60 0.97 0.79  

deformation, contributing to greater variability in rut development, 
which the model captures more effectively. Additionally, the higher 
importance of 𝐺trail in curved trails suggests that soil resistance plays 
a more significant role in non-linear machine routes. The relationship 
between vehicle dynamics and soil characteristics is more complex in 
curved configurations, resulting in stronger correlations between 𝐺trail
and rut development than in straight paths.

The RF model trained on observed rut depths was then applied to 
a synthetic spatial dataset composed of randomly distributed stumps 
and a simulated shear modulus map. The results showed that areas 
with smaller stumps generally had deeper predicted rut depths, while 
areas with larger and denser stumps showed shallower predicted depths 
(closer to 0 cm) across all three passes (Fig.  10(a)–(c)). This pattern 
also aligns with the model’s feature importance results, where RRV 
and CI were identified as the most influential predictors (Fig.  8). 
Larger stumps likely indicate stronger and broader root systems, which 
help stabilise the soil and reduce deformation. Predicted rut depth 
also increased progressively with each machine pass, especially in 
areas with fewer stumps and lower shear strength. While the results 
are based on synthetic input data, they demonstrate how spatially 
explicit rut depth modelling can support forest operations planning. 
By identifying areas at greater risk of soil disturbance, managers can 
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optimise machine routes, minimise long-term impacts, and support 
more sustainable harvesting practices.

4. Discussion

This study investigated the role of tree stumps in rut formation 
on peatland soils, combining UAV-based and manual rut depth mea-
surements, statistical analysis, spatial modelling, and machine learning 
techniques. The findings confirm that stump presence contributes to 
soil stability and mitigates machine-induced deformation. Rut depths 
were shallower near stumps, with the influence gradually weakening 
with distance. The impact of stumps was most significant in curved 
trails, where lateral soil displacement was greater, with effect sizes 
ranging from small to large (𝜀2 = 0.02–0.32). Stump-related variables 
(CI and RRV) and shear modulus (𝑆𝑀) were among the strongest 
predictors of rut depth. Machine learning models incorporating stump 
effects demonstrated strong predictive accuracy (𝑅2 = 0.69–0.85) in 
both straight and curved trails. These findings underscore the impor-
tance of considering stump presence in forest operations to improve ma-
chine path planning and support sustainable management. When used 
alongside DTW maps, these models could improve decision-making, 
minimise soil disturbance and reduce the environmental footprint of 
forestry activities.

The study first compared UAV-based and manual rut depth mea-
surements to assess the correspondence between the two methods. 
UAV-derived data provided consistent, high-resolution information and 
captured the same rut formation trends as manual measurements. 
Slightly lower values were observed in deeper ruts, particularly in 
curved trails and later passes, with average differences around 3 cm 
and maximum deviations of 3.3 cm. These differences likely reflect how 
each method interacts with the terrain more than inherent measure-
ment inaccuracies. UAV-derived rut depths were extracted by averaging 
digital terrain model (DTM) values within a 10 cm area around each 
manual point, which may smooth out localised extremes. Moreover, 
photogrammetric models often define the ground surface at the top 
of low vegetation, such as moss and blueberry shrubs, while man-
ual measurements are taken directly at the peat surface, potentially 
penetrating slightly into the soft, saturated peat, especially under wet 
conditions. This difference in reference level and surface interaction 
likely contributes to the observed discrepancies. Other contributing 



G. Grube et al. Biosystems Engineering 258 (2025) 104255 
Fig. 6. Elevation change maps derived from UAV-based digital terrain models (DTMs) for one experimental trail (straight configuration). Panels (a–c) show elevation differences 
after Passes 1, 2, and 3, respectively, calculated as DTM after each pass minus the initial pre-operation DTM. Panel (d) shows the cumulative stump influence (CI), computed from 
stump diameters and proximity using the methodology described above.
factors may include minor georeferencing offsets, interpolation limi-
tations, and post-processing smoothing in photogrammetry software. 
In straight trails, where rut formation was more uniform, UAV and 
manual measurements showed closer agreement. The higher RMSE 
(3.3 cm) and RMSE% (24.9%) observed in curved trails likely reflect 
a combination of these methodological factors and do not necessarily 
imply a systematic UAV bias.

Statistical analysis confirmed that cumulative stump influence sig-
nificantly affected rut depth, with a small to medium effect in straight 
trails (𝜀2 = 0.04–0.20) and a moderate to large effect in curved trails (𝜀2
= 0.02–0.32). The stronger impact in curved trails is likely due to ma-
chines not only pressing down but also pushing soil sideways, causing 
greater soil displacement and deeper ruts. In these conditions, stumps 
can help stabilise the soil, possibly preventing excessive movement and 
reducing rut depth. In straight trails, the effect of stumps was smaller 
but still significant, as rut formation was primarily driven by vertical 
compression with less influence from lateral soil shifting.

This aligns with the feature importance scores and RFE analysis 
from the RF model, which identified stump-related variables (CI, RRV) 
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and 𝑆𝑀 as the most influential predictors of rut depth. In contrast, NGP 
and peat strength did not significantly influence model performance. 
While these factors are generally important for rut formation, they 
were treated as site-specific constants, limiting their relevance to actual 
conditions. The varying 𝜀2 values could also be explained by the way CI 
and RRV were modelled. These variables assume a uniform reduction 
in stump influence with distance, while rut depth follows a different 
pattern, usually shallowest near the edges and deepest at the centre. 
When a stump is located to the side of a rut, CI and RRV decrease 
steadily, but rut depth first decreases toward the middle and then 
increases again. This inconsistency likely contributed to the lower effect 
sizes observed in some passes.

Another consideration is how the machine’s weight distribution 
influences rut depth between the left and right wheel paths. Although 
left and right rut depths were measured separately, our model treated 
rutting as a combined process, modelled as a function of distance to 
the stumps. In reality, wheels may sink unevenly, especially when one 
side passes over a stump, leading to asymmetric weight distribution 
and rut formation. When a stump lies directly in the wheel path, it 
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Fig. 7. Boxplots showing rut depth (in cm) distribution across CI influence groups for each pass and trail configuration. The upper plot represents the straight trail.
Fig. 8. Feature importance results using the Random Forest (RF) model, where the analysed features are CI (cumulative influence of the stump based on distance from the stump), 
RRV (root reinforcement value), 𝐺trail (shear modulus in kPa), 𝑆peat (moisture-dependent peat strength), NGP (mean nominal ground pressure from front and rear in kPa), and Max 
NGP (maximum nominal ground pressure in kPa). The graph is divided by trail configuration into three categories: combined, straight, and curved, with the line pattern indicating 
the three most important features identified through Recursive Feature Elimination (RFE).
acts as an obstacle that the machine must climb over, often causing 
deeper ruts just before and after the stump due to increased resistance 
to motion and slippage. Meanwhile, the opposite wheel is subjected to 
an increased wheel load, further contributing to the asymmetry of rut 
depth. Future studies could explore this by incorporating left and right 
rut depth averaging or a weight distribution model.

The RF models achieved high predictive accuracy (𝑅2 = 0.69–0.85), 
performing better in curved trails than in straight trails. This was 
unexpected as straight trails were assumed to have more predictable 
rut patterns. However, the consistent rutting in straight trails made it 
harder for the model to detect subtle variations. In contrast, the greater 
variability in curved trails, likely due to lateral soil displacement, 
provided more diverse data for training, improving model performance. 
The results of the model application on the synthetic dataset showed 
that predicted rut depth was generally shallower in areas with larger 
stumps and higher root reinforcement (Fig.  10). Rut depth increased 
13 
with each simulated machine pass, especially in zones with fewer or 
smaller stumps. However, the pattern was not always consistent. Some 
areas with dense or larger stumps still showed deeper predicted rutting. 
This highlights the importance of how input parameters like RRV and CI 
are calculated and suggests that further refinement and customisation 
of these variables are needed. Nevertheless, these types of spatial pre-
dictions could potentially support forest planning by helping to identify 
high-risk areas, optimise machine routing, and reduce long-term site 
disturbance.

Prior studies Nevalainen et al. (2017), Roberts et al. (2020) on UAV-
based rut depth measurements have demonstrated the effectiveness of 
aerial photogrammetry in detecting soil deformations. However, they 
have also noted a slight underestimation of deeper ruts in complex 
terrain conditions (Marra et al., 2021). Studies on machine-induced 
rutting emphasise the role of equipment design and soil properties in 
determining rut depth. Forwarder configuration, bogie tracks, and soil 
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Fig. 9. Random Forest model validation performance across configurations using 10-fold cross-validation, illustrating the R2 scores obtained for different configurations (straight, 
curved, combined). (a) displays the mean R2 scores for each configuration, with error bars representing one standard deviation. (b) Combines a boxplot and swarmplot to visualise 
the distribution of individual R2 scores across all folds. The boxplot highlights key statistical measures, including the interquartile range (IQR), whiskers covering 95% of the data, 
and the median indicated by a solid black line. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
shear strength significantly affect rut formation, with heavier machines 
and wet conditions leading to deeper ruts (Ala-Ilomäki et al., 2011, 
2021). While these studies highlight the influence of machine and 
soil parameters (Uusitalo & Ala-Ilomäki, 2013), they often overlook 
stump-root systems as a natural mitigation factor.

The role of tree roots in soil stabilisation has been widely stud-
ied, with research demonstrating that root systems contribute sig-
nificantly to mechanical reinforcement, particularly on unstable or 
sloped terrain (Schwarz et al., 2010). Similarly, studies on slope sta-
bility (Schwarz et al., 2013, 2016) have demonstrated that tree roots 
increase shear strength and reduce lateral soil movement. This may 
explain why stumps have a stronger influence on rut depth in curved 
trails, where lateral soil displacement is greater.

While the stabilising effect of roots has been well-documented, 
fewer studies have explored how stump-root systems change soil defor-
mation in forestry operations. Piskunov (2023) found that stump-root 
systems significantly reduced rut depth, with effects strongest within 
0.5 to 1.5 meters from the stump. This supports the idea that stumps 
serve as natural reinforcements, with their impact gradually diminish-
ing with distance (Schwarz et al., 2010). However, previous studies 
have not incorporated spatial modelling to quantify these effects across 
larger areas, leaving a gap in understanding how stump influence varies 
across different terrains and machine traffic patterns.

While this study offers useful insights, some limitations should 
be noted. UAV-based measurements, though effective, underestimated 
deeper ruts, particularly in curved trails, likely due to the averaging 
effect within the 10 cm buffer and interpolation errors. Future research 
could enhance accuracy by incorporating LiDAR to capture fine-scale 
variations in rut depth.

The study’s focus on a single peatland site may limit the general-
isability of the results. Peat soils have unique properties, such as high 
organic content and water saturation, which may not be representative 
of mineral soils or drier forest conditions (Laine et al., 2006; Paavi-
lainen & Päivänen, 1995; Sallinen et al., 2019). Expanding research 
to include diverse soil types and forest ecosystems would be necessary 
for broader applicability and to determine whether stump effects vary 
across ecological conditions.

Another limitation concerns parameter (CI, RRV) modelling. In this 
study, we employed simplified spatial modelling techniques using UAV 
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data and other parameters to quantify how stump presence affects rut 
formation. We presumed that reinforcement strength slowly diminishes 
as the distance from the stump grows (Schwarz et al., 2010). Although 
this offers a more straightforward method for representing root-soil 
interactions, it fails to accurately present the true spatial arrangement 
of root systems. Under real-world conditions, root expansion is in-
consistent, differing based on species, soil types, and the age of the 
tree. Roots do not grow uniformly in every direction (Kalliokoski, 
2011), suggesting that presuming a consistent, symmetrical decrease 
in reinforcement around the entire stump may lead to some level of 
overgeneralisation. Also, calculating actual root reinforcement values 
is highly complex and typically requires extensive fieldwork and labo-
ratory tests to measure parameters such as root tensile strength, RAR, 
soil shear strength, and root distribution (Genet et al., 2005; Schwarz 
et al., 2010; Van Beek et al., 2007). Although our method establishes 
a useful experimental baseline, it might fail to fully reflect the unique 
root architecture of different species or the mechanical characteristics 
of specific root systems. Future studies might improve model precision 
by developing species-specific constants for root reinforcement assess-
ments, particularly for economically significant species like Scots pine 
and Norway spruce. This could be accomplished by integrating field-
based root mapping, which might help in creating species-specific root 
spread patterns. Techniques like ground-penetrating radar (GPR) have 
already been successfully employed in ecological and geotechnical stud-
ies to identify and obtain three-dimensional visualisation of shallow 
and deep tree root systems (Alani et al., 2018).

The stabilising influence of stumps on soil support, particularly 
in reducing rut formation, highlights their critical role in sustainable 
forest operations. By incorporating stump-related variables into predic-
tive models, forest managers can improve rut depth forecasting and 
optimise operational planning, minimise soil disturbances and improve 
both economic and ecological outcomes. These models can help identify 
optimal skid trails and sensitive areas to avoid, reducing unnecessary 
machine movements and lowering the risk of equipment damage. This 
approach could further improve planning efficiency and reduce oper-
ational costs. However, as the current approach to root reinforcement 
modelling remains simplified, methodological improvements are nec-
essary. These advancements will contribute to more sustainable forest 
management practices, balancing operational efficiency with ecological 
preservation.
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Fig. 10. Spatial visualisation of shear modulus and predicted rut depth (cm) across multiple passes using a Random Forest (RF) model. Figure (a) presents a synthetic shear 
modulus map (in kPa) generated from randomly placed control points and interpolated across the area, overlaid with synthetic tree stumps (red dots). Figure (b–d) show predicted 
rut depth values (for Passes 1, 2, and 3) using root reinforcement value (RRV), cumulative unfluence (CI), and shear modulus (𝐺trail) as predictors. The colour bar at the bottom 
represents the stump diameter (cm) and applies only to the red stump symbols. Each pass visualises rut depths in conjunction with stump locations. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)
5. Conclusion

This study demonstrated that stump presence plays an important 
role in reducing rut formation on peatland soils, with effects varying by 
trail configuration. Using UAV-based measurements, statistical analysis, 
spatial modelling, and machine learning, we highlight the role of 
biological reinforcement in mitigating machine-induced soil deforma-
tion. The RF model identified stump presence, reinforcement effects, 
and shear modulus as key predictors of rut depth, demonstrating the 
combined impact of biological and mechanical soil properties.

Integrating stump influence into rut depth prediction models can 
improve machine path planning and soil conservation in peatland 
forestry. However, site-specific conditions and the simplified nature 
of current reinforcement modelling suggest that species-specific con-
stants and advanced mapping techniques, such as GPR, could improve 
accuracy. Future research should refine root reinforcement models, 
integrate high-resolution root mapping, and expand to diverse soil 
types to improve predictive accuracy and support sustainable forest 
management.
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