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Abstract

Old Scots pine trees provide important habitat structures in forest ecosystems, but intensive
forest management in Sweden has made them increasingly rare and difficult to locate across
large areas. Field inventories are reliable but costly and limited in extent, creating a need for
scalable methods to support retention forestry. This thesis develops and evaluates a method for
identifying Scots pine trees with old-like structural characteristics using nationally available
airborne laser scanning (ALS) data. Individual tree crowns were segmented, and tree height,
crown diameter, crown flatness and height growth were derived from multi-temporal ALS data.
To account for site-related differences, trees were compared within environmentally similar
strata based on elevation, soil moisture and peat depth. An enrichment-based threshold analysis
using the LIFT ratio was then applied to identify old-like structural patterns. The method was
developed in the Idre—Sérna area and tested in the Lunsen—Kungshamn—Morga landscape
outside Uppsala. The results show that clear enrichment patterns were detected in a limited
number of strata, mainly on dry-fresh mineral soils. Predicted old-like trees represented well
below 1% of crowns and a small field validation showed high precision but moderate recall
(0.37). Overall, the method functions as a reliable prioritization tool for helping field surveys
toward structurally mature Scots pine using national ALS data.

Keywords: Geography, Geographical Information Systems, GIS, Airborne Laser Scanning
(ALS), Scots pine, Structural ageing, Crown segmentation, LIFT analysis
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1. Introduction

Structurally old trees play an important role in boreal forest ecosystems. Their large crowns,
rough bark and broken branches create habitats that many species depend on, and these features
take a very long time to develop (Siitonen, 2001). In Sweden, long-term intensive forest
management has greatly reduced the number of structurally old trees, leading to forests that are
younger and more uniform than they once were (Linder, 1998; Skogsstyrelsen, 2020). Because
old trees are now rarer, being able to find and retain them is important for conservation-focused
forestry. However, traditional field inventories are time-consuming, expensive and limited to
small areas. This makes it difficult to identify old trees across large forest landscapes (Fridman
etal., 2014).

Airborne Laser Scanning (ALS) offers a practical alternative. National ALS data are available
across most of Sweden and are widely used in forestry planning and mapping (Nilsson et al.,
2016; Skogsstyrelsen, 2020). ALS captures the three-dimensional structure of the forest canopy,
which makes it possible to measure tree height, crown size and crown shape. These features are
known to change as Scots pine (Pinus sylvestris L.) ages, leading to slower height growth, wider
and flatter crowns, and more irregular structures (Holmgren & Persson, 2003; Saarinen et al.,
2022; Huo et al., 2023). When ALS data are available for more than one point in time, changes
in tree height can also be used to estimate growth, which is another indicator of structural
ageing.

Despite this potential, existing methods depend on high-density LiDAR data, multispectral
sensors or local calibration, limiting their usefulness for national ALS datasets (Bonnet et al.,
2015; Hirschmugl et al., 2023). Most operational approaches also focus on stand-level
properties instead of individual trees, meaning that single old trees within managed stands are
often overlooked (Breidenbach & Astrup, 2014; Schumacher et al., 2020). In addition, national
ALS data have relatively low point density, which makes it difficult to capture fine crown
details (Nilsson et al., 2016).

These limitations highlights the need for a method that makes better use of existing national
ALS data to identify structurally old trees at individual tree level. This thesis addresses that
need by developing and evaluating a method based on crown-level metrics derived from multi-
temporal national ALS data. By combining site-based stratification with a statistical enrichment
approach (LIFT), the goal is not to map all old trees, but to reliably identify a limited set of
trees with strong old-like structural features (Han et al., 2012). In practice, this provides a
scalable tool that can help guide field surveys and support retention forestry by indicating where
structurally mature Scots pine are most likely to occur.

1.1 Problem Statement

Retention forestry requires reliable identification of structurally mature trees, but current
inventories are largely based on field surveys that are expensive, time-consuming, and difficult
to apply consistently across large forest holdings (Fridman et al., 2014). As a result, old and
ecologically valuable Scots pine individuals risk being overlooked during operational planning.



Although national ALS data provide wall-to-wall information on forest structure, existing
approaches are either developed for local calibration, require high-density data or operate at the
stand level rather than individual trees (Bonnet et al., 2015; Hirschmugl et al., 2023). This limits
their usefulness for detecting individual old trees using national datasets. There is therefore a
need for a reproducible and efficient method that uses available national ALS data to identify
Scots pine individuals with old-like structural traits.

1.2 Research Aim and Questions

The aim of this thesis is to develop and test a method for identifying Scots pine crowns with
structural features that are typical of old trees, using multi-temporal ALS data. The goal is to
support forestry and conservation planning by helping to identify areas where old trees are more
likely to occur.

Q1: How effectively can ALS-derived canopy metrics be used to detect old-like structural traits
in Scots pine across heterogeneous forest landscapes?

Q2: How do selected canopy-metric thresholds differ among site-based groups?

Q3: How accurately does the canopy-based thresholds identify old Scots pine individuals when
assessed through field validation?

1.3 Thesis Contribution

This thesis makes both methodological and practical contributions to the identification of old-
like Scots pine using national ALS data.

From a methodological perspective, the thesis presents a transparent and reproducible workflow
for extracting crown-level structural metrics from multi-temporal ALS data. A key contribution
i1s the combination of crown metrics with site-based stratification and a simple statistical
enrichment measure (LIFT). LIFT is used to identify combinations of canopy features that occur
more often than expected by chance. This makes it possible to detect old-like tree structures
while accounting for local variation. Together, this allows old-like crowns to be identified
relative to their local environment, rather than using fixed thresholds across the whole
landscape. The thesis also evaluates the strengths and limitations of using national ALS data for
tree-level ageing.

From a practical perspective, the thesis provides a decision-support approach that can help
forest owners and planners prioritize field surveys and identify trees that bear the strongest
signal of structurally old Scots pine. Because the method only relies on existing national data,
it can be applied without additional data collection and integrated into current forestry
workflows. This shows how routinely collected remote sensing data can be used to support
retention forestry and conservation planning while reducing the need for extensive field
inventories.



2. Background

The background provides the ecological and scientific context for the thesis. It describes why
old trees are important for forest ecosystems, how ageing is expressed in Scots pine, how ALS
has been used to study forest structure, and the statistical core of the method. Together, this
background explains why the method in this thesis is relevant and needed.

2.1 Old Trees and Structural Ageing in Scots Pine

Although old trees are ecologically important, defining what an “old” tree is not
straightforward. Tree age is difficult to measure accurately in practice. Increment cores (thin
wood sample taken from the stem to study a tree’s age) may miss the pith of the tree, contain
false rings or be impossible to collect in protected or sensitive areas (Helms, 2004). In addition,
tree size is not a reliable indicator of age. Some trees grow large quite fast under good
conditions, while very old trees may remain small on poor or dry sites (Helms, 2004). Because
of these limitations, many studies focus on structural characteristics rather than chronological
age when identifying old trees. These structural characteristics consist of crown shape, bark
texture, dead branches and irregular growth patterns (Huo et al., 2023). In Scots pine, ageing is
commonly expressed through reduced height growth, lateral crown expansion and increasingly
flattened or irregular crowns (Saarinen et al., 2022; Huo et al., 2023).

In Sweden, centuries of forest management have greatly reduced the number of old trees.
Clearcutting, thinning and even-aged forestry have created forests that are younger and
structurally more uniform than historical conditions (Linder, 1998; Skogsstyrelsen, 2020).
Today, old trees are scarce and often found only in protected areas, low-productive sites or
remnant patches (Skogsstyrelsen, 2020). This makes them important for biodiversity
conservation, but also difficult to locate across large, forested landscapes.

Field inventories can identify old trees accurately, but they are expensive and cover limited
areas. At the same time, most operational forest data in Sweden are designed for stand-level
assessments rather than individual trees (Nilsson et al., 2016). This gap highlight the need for
methods that can identify structurally old trees using operational data (Hirschmugl et al., 2023).

2.2 Age-Related Structural Traits of Scots Pine

Scots pine (Pinus sylvestris L.) is one of the most widespread tree species in Sweden and can
reach ages of several hundred years under natural conditions (Linder, 1998). As pine trees age,
their growth pattern changes gradually. Height growth slows down, the main leader becomes
less dominant, and growth increasingly occurs sideways through crown expansion (Saarinen et
al., 2022). These changes reflect both biological ageing and long periods of canopy dominance.
Over time, older pines often develop wider and flatter crowns, irregular shapes and reduced
annual height growth (Huo et al., 2023). These traits are not tied to a specific age but is part of
a long structural development progress.

Because these changes affect the three-dimensional structure of the canopy, they are potentially
detectable using airborne laser scanning. ALS captures both vertical and horizontal aspects of



tree crowns, making Scots pine a suitable species for testing whether structural ageing can be
identified using remote sensing data.

2.3 Airborne Laser Scanning for Structural Forest Assessment

ALS provides three-dimensional information about forest structure by measuring how laser
pulses reflect off vegetation and the ground. From these measurements, canopy height models
(CHMs) and many structural metrics can be derived (Vauhkonen et al., 2014). In Sweden,
Lantmaiteriet (the Swedish Mapping, Cadastral and Land Registration Authority) conducts
repeated nationwide ALS campaigns that provide wall-to-wall coverage of the country. These
datasets typically have point densities of 0.5—1.0 points per square meter and form the basis for
several forest products (Nilsson et al., 2016). Although scans are not collected at fixed time
intervals, repeated acquisitions make it possible to study changes in forest structure over time
(Lantméteriet, 2024a). Structural metrics such as tree height, and crown-related measures can
all be derived from ALS-data and have widely been used to describe forest development and
structural complexity (Holmgren & Persson, 2003; Neasset, 2002). When multi-temporal ALS
data are available, changes in height can be used to estimate growth, which is useful for
identifying trees with reduced growth rates associated with ageing (Kozniewski et al., 2022;
Gavilan-Acuna et al., 2025).

At the same time, national ALS data has its limitations. Compared to research-grade LiDAR,
point density is lower, and the resulting CHM models are therefore coarser. This makes it more
difficult to capture fine-scale crown features (Nilsson et al., 2016). In dense or mixed stands,
individual crowns can be hard to separate and small or suppressed trees may be poorly
represented. These limitations make individual tree analyses challenging and reduce the direct
transferability of methods developed using high-quality LiDAR data (Vauhkonen et al., 2014).

Despite these constraints, national ALS datasets are widely available and represent the baseline
data used by forestry organizations and authorities. This makes it valuable to explore how much
information about tree ageing can be extracted from these datasets, especially for usage across
large areas where more detailed data are not available.

2.4 Limitations of Existing Approaches and Motivation for This
Study

Remote sensing has improved forest monitoring, but identifying old trees is still difficult. Many
advanced methods rely on high-resolution or multispectral LiDAR, which limits their
applicability to small study areas and makes them unsuitable for use across larger areas (Bonnet
et al., 2015; Hirschmugl et al., 2023). Many approaches also work at stand or plot level, where
canopy metrics are averaged. As a result, single old trees within younger managed stands are
often missed (Breidenbach & Astrup, 2014; Schumacher et al., 2020).

As stated previously, national ALS datasets have lower point density than research-grade
LiDAR, but they represent the data that all forestry organizations have access to. These datasets
are openly available, cover large areas and are already used in forest planning and inventory



work (Nilsson et al., 2016; Skogsstyrelsen, 2020). Because of this, national ALS data form a
practical baseline for developing methods that can be applied without additional data collection.

Existing national products, such as SLU’s age maps, estimate average stand age at pixel level.
These products perform well in younger forests but tend to underestimate age in older stands,
to the point where these maps cannot be used to identify older forests at landscape level (SLU,
2025). This limits their usefulness for detecting very old stands, which are often the most
important for conservation work.

Together, these limitations point a clear need: a simple, transferable method that uses nationally
available ALS data to identify trees with old-like structural characteristics at individual-tree
level. Developing such a method would support retention forestry and improve the ability to
locate ecologically valuable trees across large forest landscapes.

2.5 Enrichment-Based Thresholding (LIFT)

Detecting structurally old trees requires identifying combinations of structural traits that occur
more frequently than expected by chance. To do this, the method uses the LIFT ratio, a measure
of enrichment commonly applied in data mining (Han et al., 2012).

LIFT compares how often a certain combination of traits actually appears in the data (observed
prevalence) with how often it would be expected to appear under a null model where the traits
are assumed to be statistically independent (expected prevalence):

Observed prevalence (0)

LIFT =

Equation 1
Expected prevalence (E)

A LIFT value greater than 1 means that the trait combination occurs more often than random
chance would suggest, indicating a meaningful structural pattern.

2.5.1 Expected Prevalence

Expected prevalence is calculated by multiplying the proportion of trees that meet each
individual threshold, assuming the traits are independent. In this context, thresholds are defined
to reflect structural characteristics associated with old-like Scots pine: relatively tall trees, wide
crowns, low recent height growth and flat crown shapes.

For example, if:

e 40% of trees meet the height threshold
o 20% meet the crown diameter threshold
e 30% meet the growth threshold

e 10% meet the flatness threshold

The expected prevalence is:

E=04x0.2x0.3x0.1=0.0024 or 0.24% Equation 2



This means that, under the independence assumption, only 0.24% of trees would be expected
to meet all four thresholds at the same time.

2.5.2 Observed Prevalence
Observed prevalence is the actual proportion of trees that meet all thresholds at the same time:

Nselected .
0 = ——— Equation 3

Ntotal
Where:

®  MNguecteq 1S the number of crowns meeting all four criteria.
®  MNtyrq 18 the total number of crowns in the stratum.

Because canopy metrics are often related, like tall trees may also grow more slowly, the
observed prevalence can be much higher than the expected value.

2.5.3 Interpretation

If the observed prevalence is higher than expected, LIFT becomes greater than 1. This indicates
that the traits co-occur more often than random chance and that the combination represents a
distinct structural pattern, consistent with old-like tree structures. A simple way to understand
LIFT values is presented in Table 1:

Table 1: How to interpret LIFT values.

LIFT Value Interpretation
Occurs less often than expected: filters

<1.0 need adjusting

Occurs as often as random: no distinct
=1.0 signal

Occurs more often than expected:
>1.0 positive enrichment

Strong enrichment: clear structural
>2.0 pattern indicating potential old tree

The independence assumption does not imply that canopy metrics are truly unrelated, but serves
as a null model against which enriched trait combinations can be identified.

This enrichment-based approach offers two advantages over fixed thresholds:

1. It adapts to local site conditions by using percentile-based thresholds rather than global
cut-offs.

2. It highlights structural niches rather than extreme values in a single variable. This is
essential because ageing signals emerge through trait combinations rather than isolated
metrics.

By applying LIFT within site-based strata, the method accounts for local variation and identifies
structural patterns likely linked to ageing rather than site productivity. An example of how LIFT
works is presented in appendix E.



2.6 Conceptual Framework

The idea behind this study is that structurally old Scots pine trees share certain crown
characteristics that can be measured using ALS. To capture these characteristics, the first step
is to identify individual tree crowns from the canopy height model. This is necessary because
all further measurements are made at the crown level.

For each crown, four structural variables are calculated:

e Tree height (H)

e Crown diameter (C)
e Height growth (G)
e Crown flatness (F)

These variables are commonly linked to ageing Scots pine. As trees grow old, height growth
slows down, crowns expand sideways, and crown shape becomes flatter and less conical
(Linder, 1998; Saarinen et al., 2022; Huo et al., 2023). Old-like trees are therefore expected to
show specific combinations of these characteristics rather than extreme values in a single
variable. To identify such combinations, the analysis focuses on how the four variables occur
together. Combinations that appear more often than expected among a small subset of trees are
interpreted as potential indicators of old-like structure.

Because tree structure is influenced by growing conditions, the analysis is carried out within
site-based strata, defined by elevation, soil moisture and peat depth. This means that, with the
help of LIFT, trees are only compared to other trees growing under similar conditions. This
reduces variation caused by site productivity and helps isolate structural differences that are
more likely related to ageing rather than the environment. This approach follows
recommendations from previous ALS studies that emphasize the importance of accounting for
ecological site differences when interpreting canopy metrics (Valbuena, 2014; Bonnet et al.,
2015).






3. Data and Study Areas

To ensure that the method can be applied in other areas, only national datasets that are widely
available to forest stakeholders were used. This avoids reliance on local or specially collected
data and allows the workflow to be applied in a similar way across different landscapes. The
data summary is presented in Table 2.

Table 2: Data summary of all datasets used in the study, including source, resolution, year and purpose.

Dataset Source Resolution Year Purpose in Study
Ist CHM Skogforsk 1xI m 2014 Crown metrics
Skogforsk (Also openly Crown metrics,

2nd CHM available via Lantmiteriet) 1x1 m 2022 crown segmentation
Stratification,

DEM Lantméteriet 2x2m 2019 elevation classes
Stratification,

Soil Moisture Index ~ SLU 2x2 m 2021 moisture class
Stratification, peat

Peat-Depth Model ~ SLU 2x2m 2022 depth class

Protected Areas Naturvardsverket Vector 2025 Desktop validation

Field Inventory Data  Author GNSS Point 2025 Field validation |

3.1 Study Areas

The following subsections provide an overview of the two forest landscapes used in this study.
Idre—Sérna is the development area where the method was constructed, parameterized and
evaluated in detail. Lunsen—Kungshamn—Morga serves as an independent landscape for
external validation. Describing both areas ensures that differences in forest structure,
management history and site conditions are clearly understood before presenting the results.

3.1.1 Idre—Séarna (Development Area)

The primary study area is located between the towns of Idre and Sirna in northern Dalarna.
This is within the forest holdings of Bergvik Ost, who manages the forest and have long-term
experience of the area. According to their management records, the landscape contains a high
occurrence of Scots pine, which makes it suitable for developing a method that focuses on
detecting old-like structural features. The site is approximately 4 650 hectares within the
boundaries presented in Table 3 and Figure 1.

Table 3: Extent for the validation area in Idre—Sdrna, shown in SWEREF 99 TM and WGS 84.

Corner SWEREF 99 TM (EPSG:3006) WGS 84 (EPSG:4326)
Easting (m) Northing (m) Longitude (°E) Northing (°N)
NwW 389 691 6 855 921 12.906025 61.820144
NE 399 328 9 855 592 13.088842 61.822809
SE 399 328 6844 113 13.095405 61.716868
SW 389 691 6 844 113 12.913215 61.714215




Study Area in the Context of Sweden
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Figure 1: Map of the validation area in Dalarna, with a visual border of the study area and its location in the
context of Sweden. © Esri, TomTom, Garmin, FAO, NOAA, USGS, © OpenStreetMap contributors, and the GIS
User Community.

Because the area consists largely of older Scots pine, it is also well known for its high
conservation value. The forests in the area are mixed with more managed pine stands, making
it difficult to identify older trees in advance when planning forestry or conservation work. This
creates a practical challenge where planners often know that valuable trees are present, but not
exactly where they are or how many there is. These factors makes the area particularly useful
for the study and highlights the need for a method that aids field trips.

3.1.2 Southern Lunsen and Kungshamn-Morga (Validation Area)

In order to validate the method, an area consisting of Kungshamn-Morga and southern Lunsen
was chosen due to the known occurrence of older Scots pine while also being easily travelled
to. The area is located south of Uppsala and lies within both Uppsala- and Knivsta Municipality,
covering approximately 2 250 hectares within the boundaries presented in Table 4 and Figure
2.
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Table 4: Extent for the validation area in Uppsala-Knivsta, shown in SWEREF 99 TM and WGS §4.

SWEREF 99 TM (EPSG:3006)

WGS 84 (EPSG:4326)

Corner

Easting (m) Northing (m) Longitude (°E) Northing (°N)
NW 647 600 6 631 000 17.630062 59.790425
NE 652 000 6 631 000 17.708364 59.788835
SE 652 000 6 626 000 17.704732 59.743987
Sw 647 600 6 626 000 17.626535 59.745574

Validation Area in the Context of Sweden
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Figure 2: Map of the validation area south of Uppsala, with a visual border of the study area and its location in
the context of Sweden. © Esri, TomTom, Garmin, FAO, NOAA, USGS, © OpenStreetMap contributors, and the

GIS User Community.

The pines located in Lunsen—Kungshamn—Morga appear in a different landscape setting
compared to Idre—Sédrna, with Lunsen—Kungshamn—Morga containing more recreational
forests, less wetland and long-protected nature reserves. This makes the area suitable for
external validation of the method, as it differs in general usage and management history. It is
also a good test to see how well the method transfers to new site conditions. The site also
allowed for an independent evaluation of the model and supported a small field validation,
providing a hint of how well the model performed.

3.2 Remote Sensing Data

This section introduces the remote sensing datasets used to derive crown- and canopy-level
structural information. The focus is on the national ALS campaigns, which provide the temporal

and spatial foundation for tree-level metric calculation and growth assessment.
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Although the data originate from national ALS, the analysis in this study does not use raw ALS
point clouds. Instead, all processing is based on rasterized canopy height models (CHMs)
derived from ALS and provided as standard forest products.

3.2.1 ALS Epochs

This study used two tree height raster datasets derived from the national airborne laser
scanning program. The datasets are published by the Swedish Forest Agency (Skogsstyrelsen)
as part of Skogliga Grunddata (Basic Forest Data) and are based on ALS scans collected by
Lantmateriet (Skogsstyrelsen, 2025).

In the Idre—Séarna area, the first dataset is based on ALS data collected in mid-2014 and the
second data collected in mid-2022. In the Lunsen—Kungshamn—Morga area, the
corresponding datasets are based on ALS data from mid-2011 and early-2021 (Skogsstyrelsen,
2024). The underlying ALS campaigns had average point densities of approximately 0.8
points/m? for the earlier scans and about 1 point/m? for the later scans.

For each epoch, Skogsstyrelsen provides a canopy height model, representing vegetation
height above ground. These CHMs were used directly in this study. The most recent CHM in
each study area was used to segment individual tree crowns, while both epochs were used to
estimate height growth between scans.

3.2.2 Canopy Height Models

The CHMs were the basis of all measurements used in the study. The older CHM is normally
only available through the Geodatasamverkan (The Geodata Collaboration) but was made
accessible for the study areas by Skogforsk (personal communication, 2025). The newer CHM
is openly available, and it served as the main dataset for extracting crown-level structural
information (Skogsstyrelsen, 2025).

Each CHM had a 1 x 1-meter resolution and were masked
to fit the area of interest, making sure no canopies outside @ —— >
the study area affected the results of the analysis. . .

3.2.2.1 Derived Canopy Metrics

To describe the structure of individual trees, four canopy : :
metrics were calculated from the segmented crown Fi ‘' H
polygons. The polygons were produced using a : :
watershed-based crown segmentation method applied to

the CHM (see 4.1 Crown Segmentation). This step :

separates the CHM into individual crowns and makes it v

possible to analyse each tree separately. H

From these polygons, four metrics were extracted: tree Figure 3: Hlustration of three canopy
height (H), crown diameter (C), crown flatness (F) and metrics used in this study: crown
height growth (G). These variables describe both the shape 7/@ness (F), crown width (C), and tree
height (H). The fourth canopy metric
and development of each tree and were chosen because ooy (G) is not visible in the static

they are expected to relate to structural ageing (Saarinen et image.
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al., 2022; Huo et al., 2023). The structural metrics are summarized in Table 5 and illustrated in
Figure 3. Height growth is based on the difference between the two ALS epochs and is not
shown in the static visualization.

Table 5: Overview of the four canopy metrics utilized in the study: Height (H), height growth (G), crown diameter
(C), and crown flatness (F).

Metric Symbol Unit Derivation Ecological Interpretation Source
P95 Canopy Height H m 95th percentile of ALS height within ~ Indicates Iolng—term canopy domina.nce.:;'taller Huo et al, 2023
each crown polygon crowns typically represent mature individuals
‘ Difference in the 95th percentile height Represgn'c.s recent vemca.l growth rate; ‘reduced Saarinen et al, 2022;
Height growth G m between omdrev 1 and omdrev 2, values indicate slower apical growth typical of

Huo et al., 202!
divided by time interval ageing trees uo et al., 2023

Horizontal diameter of crown polygon Reflects lateral crown expansion and morphological
derived from segmentation geometry — maturity associated with older trees

. uantifies crown shape; higher ratios reflect
Difference between the max- and Q pe; high

Crown flatness E m . flattened crowns often found in older or suppressed
mean crown height -
€€sS

Crown diameter C m/year Kozniewski et al., 2022

Saarinen et al., 2022;
Huo et al., 2023

3.3 Auxiliary Geospatial Data

In addition to the remote sensing data, several other datasets were used to describe the site
conditions and build the site-based strata. These datasets provide important background
information that helps explain differences in tree growth and crown shape, while also being
good at defining stratum boundaries. The following sections briefly describe where each dataset
comes from, its resolution and why it was included in the stratification.

3.3.1 Digital Elevation Model (DEM)

A 2 x 2 m Digital Elevation Model (DEM) was downloaded on October 10th, 2025. The DEM
was originally produced by Lantméteriet and was used as the terrain reference for normalizing
tree heights and for creating the elevation classes used in the strata. Elevation was divided into
three relative classes (low, medium and high) based on percentiles within each study area. The
dataset is relatively recent (2019), ensuring good elevation detail for the study area
(Lantméteriet, 2019).

3.3.2 Soil Moisture Data

Soil moisture was described using the SLU Markfuktighetskarta v1.0, a national 2 x 2 m raster
that shows relative wetness across Sweden (SLU, 2020). The map was produced by modelling
terrain from Lantmaiteriet’s elevation data (2019) together with field plots from the Swedish
National Forest Inventory. The methodology behind it is presented in Agren et al. (2021).

The product contains two layers:

1. A continuous index from 0 (dry) to 100 (wet)
2. A classified map with four soil-moisture classes: dry-fresh, fresh-moist, moist-wet and
water.

In this study, the classified layer was used because it provides ecological categories that are
interpretable and directly usable. The classes reflect clear differences in soil conditions, which
is later used for building the site-based strata and dividing the area into smaller groups. This
means that four different soil moisture classes are used for the stratification.
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3.3.3 Peat Depth Data

Peat depth was described using a national peat map developed by SLU (Agren et al., 2022).
The map shows where soils are mineral or peat-based and was created by combining ALS-
derived terrain data, a national soil-moisture map and measurements of organic layer thickness
from 5 479 field plots across Sweden. The product includes both continuous and classified
layers, where peat soils are grouped into depth classes of > 30 cm, > 40 cm and > 50 cm. The
method performed well when tested against independent field data and was able to detect
smaller peat areas.

In this study, the classified peat map was used to assign each tree crown to one of five peat-
depth classes: water, mineral soil, peat > 30 cm, peat > 40 cm, peat > 50 cm, which means that
five total peat depth classes were used for the stratification.

3.3.4 Protected Areas

The boundaries for protected areas were obtained from Naturvardsverket’s national dataset
Skyddade omrdden: naturreservat (Protected areas: nature reserves), which provides official
polygons for all nature reserves and national parks in Sweden (Naturvédrdsverket, 2025). These
areas were used to identify forests where structure and age are expected to differ from the
surrounding managed landscape. In this study, protected areas are used as a form of desktop
validation, under the assumption that long-protected forests are more likely to contain
structurally old trees than surrounding managed forests.

In the Lunsen—Kungshamn—Morga region, three nature reserves are relevant: Kungshamn—
Morga (established 1963), Northern Lunsen (2003) and Southern Lunsen (2020) (Lénsstyrelsen
Uppsala, n.d.-a; n.d.-b; n.d.-c.). For the desktop validation, only the Kungshamn—Morga reserve
was used because it has been protected for the longest time and contains well-known stands of
older Scots pine. Its long and continuous protection means that the forest structure reflects
minimal management, making it a suitable reference area for evaluating the model’s
predictions.
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4. Method

This study followed a structured, three-phase analytical framework:

1. Data preparation and crown segmentation.
2. Site-based stratification
3. Adaptive LIFT-based threshold analysis

An overview of the entire workflow is presented in Figure 4 and is also available in appendix

mmmmmm

Figure 4. Overview of the methodological workflow, with blue standing for input/output, green for process and
orange for a group of datasets.

All spatial steps in the analysis were carried out in a geographic information system (GIS) and
scripted in Python. The crown segmentation was carried out in R. The workflow was divided
into four main parts: crown segmentation, site-based stratification, threshold search and final
classification. The aim of this structure is to make the process easy to follow and reproduce.
The methods are described in general terms so they can be replicated in any GIS/Python setup.
ArcGIS Pro was used in this study, but the approach does not rely on software-specific tools.

All Python and R scripts used in the analysis are available in a public GitHub repository
(SimWest2001, 2025), which allows full reproducibility.
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4.1 Crown Segmentation

Tree crowns were segmented from the latest canopy height model and used as the base unit for
all measurements in the study. The segmentation was carried out in R using the ForestTools and

terra packages. These packages were chosen because they are flexible, open-source and well
documented, which makes the workflow easy to reproduce (Plowright, 2023; Hijmans, 2023).

Before segmentation, the CHM was smoothed
with a small 3 x 3 mean filter to smooth out small
height variations, reducing noise and the risk of
over-segmenting. After smoothing, local maxima
were detected using two circular window sizes: a
larger window, ranging from approximately 1.0
to 2.5 m, to find the main treetops, and a smaller
window, approximately 0.8 to 1.8 m, to capture
additional peaks inside dense stands. The
combined maxima were used as markers for a
marker-controlled  watershed  segmentation.
During crown segmentation, CHM cells with
heights below 3 meters were excluded by the
segmentation algorithm and were therefore not
allowed to contribute to crown segmentation.
This prevented low vegetation and shrubs from
being included in tree crowns while keeping the
original CHM unchanged. The marker-controlled
watershed segmentation was implemented using
the mcws algorithm in ForestTools package. In
this step, the inverted CHM surface was
segmented by expanding regions outward from
each treetop until crown boundaries met a local
height minima, resulting in individual tree crown

Example of Crown Segmentation
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Figure 5: An example of the crown segmentation
visualized in the development area of ldre—Sdrna.
Every polygon represents an individual tree. ©
Esri, TomTom, Garmin, FAO, NOAA, USGS, ©
OpenStreetMap contributors, and the GIS User
Community

polygons (Plowright, 2023). This two-step approach helps each polygon represent a single tree
crown while reducing cases where several trees merged or a tree is split into multiple parts. The

parameters were adjusted through visual checks until crown shapes matched the height patterns

in the CHM.

The final crown polygons served as the basis for all canopy metrics and later statistical analyses.

A small example of the segmentation is shown in Figure 5, and Figure 6 displays how the
polygons align with the 2022 orthophoto (Lantmiteriet, 2024b).
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Segmentation Visualization

Legend

Tree Crown Segmentation

Figure 6: Comparison between segmented crowns in an orthophoto and the canopy height model, side-by-side.
© Lantmiditeriet.

4.2 Site-Based Stratification

To account for differences in site conditions, each segmented crown was assigned three
environmental variables: elevation, soil moisture and peat depth. These variables influence how
Scots pine grow and how structural ageing is expressed. Using them allowed crowns to be
grouped into site-based strata that capture local variation in growing conditions.

Elevation was derived from the DEM and divided into three classes (low, medium and high)
based on percentiles (Lantmaéteriet, 2019). Soil moisture class came from the SLU soil-moisture
map, which separates dry-fresh, fresh-moist, moist-wet and water sites (SLU, 2020; Agren et
al., 2021). Peat depth was taken from the national peat map, which separates water, mineral soil
and peat layers deeper than 30, 40 or 50 cm (Agren et al., 2022).

Not all combinations of these variables exist in the landscape, but the grouping helps reduce
the effect of environmental variation when comparing crown structures. It is important to note
that this stratification does not control for stand age. Some groups may still contain trees of
different ages, which can influence height and growth patterns. No age filtering was applied
before stratification, so the results should be interpreted with this in mind.

4.2.1 Assignment of Ecological Strata

The ecological variables described above were added to each crown polygon using a rule-based
overlay. Before this step, all layers (raster) were clipped to the study area. This ensured that the
layers matched each other and that crowns were compared against the correct underlying terrain
and soil information.

For elevation, all raster cells inside each tree crown polygon were averaged, with the mean
value then being assigned to each respective crown. Using the mean value avoids giving too
much weight to a single high or low cell and gives a stable estimate of the terrain position under
the whole crown.

For soil moisture and peat depth, each crown was assigned the class that covered most of its
footprint. This majority approach captures the dominant condition under the tree while still
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handling crowns that cross class boundaries. However, the soil- and peat maps are not perfect,
and local inaccuracies can occur near class edges. The majority rule therefore provides a simple
and consistent way to assign each crown to one main class.

After the classification, all variables were standardized and numeric classes were converted into
clear text labels (e.g., 1 = “dry-fresh”, 2 = “fresh-moist™ etc.). This ensured that the stratification
and the later analysis were easy to interpret and apply.

4.3 LIFT-Based Candidate Evaluation

The LIFT analysis was implemented as a scripted workflow operating on crown-level data
within each stratum, with a simple visualization present in Figure 7 as well as in appendix D.

Figure 7: Schematic view of the LIF T-analysis, which calculates a LIFT value for every threshold combination.

Every candidate rule is defined by thresholds for height, height growth, crown diameter and
crown flatness, and for every candidate rule, the algorithm calculates observed and expected
prevalence. This allows it to also calculate the LIFT value that is the deciding factor for a
structurally old tree.

To ensure stability, three quality filters were applied. The filters were selected to reduce the
influence of small sample sizes, random co-occurrence, and extreme outliers. Prioritizing robust
and interpretable structural patterns rather than exhaustive detection:

e  Minimum LIFT: A minimum LIFT value of 2.0 is required.
e Minimum AZ: A minimum of 0.3 standard deviations is required.
e Minimum support: There must be at least 30 crowns per stratum.

AZ measures how strongly the observed prevalence deviates from the expected prevalence,
expressed in standard deviations. This filter ensures that enriched patterns represent a
meaningful structural signal rather than minor statistical fluctuations. All three quality filters
are fully adjustable depending on what the algorithm should look for as well as what the
landscape looks like. An example of how LIFT works is presented in appendix E.

4.3.1 Grid Search

A grid search procedure was used to systematically test many combinations of percentile-based
thresholds for the four canopy metrics. Instead of using fixed or arbitrary cut-off values, this
approach evaluates many possible threshold combinations to find those that best separate old-
like crowns from the rest.

For each stratum, percentile thresholds were generated directly from the distribution of trees
within that stratum. This means that all threshold testing was done among trees growing under
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similar conditions, rather than across the entire study area. Each variable was tested at several
percentile steps, and together these steps formed a grid of possible threshold combinations.
Each point in the grid presented one candidate rule, for example:

H = P90; G <P40; C = P85; F < P95

Each structural metric (height, growth, crown diameter and crown flatness) was tested at a
predefined number of percentile levels. Together, these define the grid density and decides how
fine the search is. In this study, each variable was tested at seven percentile steps, resulting in:

7x7x7x7=2401 Equation 4

2401 candidate threshold combinations per stratum. Denser grids can be used if a more
exhaustive search is required. For example, testing ten percentiles per variable increases the
search space to 10 000 combinations, which comes at the cost of higher computational demand.

For every candidate rule, the algorithm calculates LIFT, support and effect size (AZ). The grid
search then selects the rule that maximizes LIFT while still meeting the quality filters presented
previously. Maximizing LIFT ensures that the selected threshold combination represents the
strongest deviation from random co-occurrence. This means that the associated canopy traits
appear together far more often than expected by chance. In this context, the rule with the highest
valid LIFT is interpreted as the most distinctive and structurally meaningful pattern within the
stratum, and therefore the best-performing threshold.

4.3.2 Threshold Selection and Output

For each stratum, the grid search returned one optimal candidate rule, defined by the threshold
values for the structural metrics. Each crown was checked against the candidate rule identified
by the grid search. If it met all of the criteria, the crown was assigned “is_old” = 1, indicating
old-like structural characteristics. Crowns that did not meet all thresholds were assigned
“is_old” = 0. In strata where no rule passed the quality filters, no crowns were classified as old-
like.

The classification results were written to the crown attributes. This made it possible to map the
predicted old-like crowns and summarize them together with the other structural and site
variables.

4.4 Validation and Field Verification

To verify that the thresholding approach identifies old-like pines rather than random trees, two
types of validations were performed: a desktop validation and a smaller field validation. These
assessments provide a first indication of the method’s performance and ecological relevance.

4.4.1 Desktop Validation

The desktop validation checks whether the ALS-based classification behaves in a reasonable
ecological way, without relying on field data. The basic idea is that long-protected forests
usually contain older and less intensively managed trees than the surrounding landscape. If the
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classifier is meaningful, predicted old-like crowns should appear more often inside a protected
area than outside it.

All classified crowns in the Lunsen—Kungshamn—Morga region were intersected with the
protected area polygons from the Swedish Environmental Protection Agency
(Naturvardsverket, 2025). Because Kungshamn—Morga has been protected since 1963, it was
used as the main reference area for this validation. The assumption is not that the reserve
contains only old trees, but that it provides a useful structural contrast to the surrounding forest.

Each crown was marked as either inside or outside the reserve. This made it possible to
calculate:

The proportion of predicted old-like crowns occurring inside the protected area:

. n .
P(Protected |is_old = 1) = oldnProtected Equation 5
NoldnProtectedt MNoldnUnprotected

The proportion of predict non-old like crowns inside the protected area:

. n - .
P(Protected |is_old = 0) = non—oldnProtected Equation 6
Nnon-oldnProtectedt Nnon—oldnUnprotected

An enrichment ratio (ER) was then computed as:

P(Protected |is_old=1)
P(Protected |is_old=0)

ER =

Equation 7

ER expresses how many times more common the predicted old-like crowns are inside the
reserve compared to what would be expected from the distribution of all other crowns. This is
a simple use-availability comparison (Manly et al., 2002). If the value is higher than 1, old-like
crowns appear in the reserve more often than expected by chance. If it is close to 1, the classified
1s not distinguishing the reserve from the surrounding forest.

Conceptually, the enrichment ratio mirrors the role of LIFT in the threshold search. Both
measure whether something appears more often than expected under a baseline assumption, but
in different contexts. LIFT is used in canopy-metric space and ER in geographic space.

4.4.2 Field Validation

The field validation tests how well the ALS-based classification (is_old = 1) matches real old
Scots pine individuals in the forest. A small but structured sample was collected during a field
visit in late November.

For every crown predicted as old-like, the corresponding tree was first identified and assessed
in the field. In addition, two comparison trees were selected:

1. Nearest Scots pine that is not predicted as old-like (to test possible false negatives)
2. A Scots pine = 30 m away in a southward direction (to provide an additional control tree
under similar site conditions)
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This resulted in groups of three field-assessed trees per predicted crown, consisting of one
predicted and two unpredicted individuals located close to each other. This approach made it
possible evaluate both correct and incorrect model predictions under comparable conditions.

Tree locations were collected with a mobile mapping app and an Eos Arrow 100 GNSS receiver
mounted on a 2-meter pole. The arrow receiver was used because it gives sub-meter accuracy,
which made it possible to match each field tree to the right segmented crown.

For every visited pine, we recorded structural features linked to age following the Swedish
Forest Agency’s protocol “Levande trdd och buskar med naturvirden” (Living trees and bushed
with ecological values). Examples include bark texture, dead branches, diameter at breast
height, fire scars and crown shape (Skogsstyrelsen, n.d.). Based on these traits, each tree was
classified in the field as old or not old. The field inventory form can be found in appendix C.

After the field work, each observation was joined to the crown polygons using its GNSS
position. This allowed a direct comparison between what the model predicted and what was
observed in the field. From this comparison, precision, recall and the F1-score was calculated:

. . TP
Precision = Equation 8
TP+FP
TP
Recall = Equation 9
FP+FN

Precision * Recall
Fl= 2% — Equation 10
Precision + Recall

The four metrics used in the formulas are:

e True Positive (TP): model predicts old-like, and the tree is old in the field.
e False Positive (FP): model predicts old-like, and the tree is not old in the field.
e True Negative (TN): model predicts not old, and the tree is not old in the field.
o False Negative (FN): model predict not old, but the tree is old in the field.

Precision shows the fraction of predicted old trees that were confirmed as old in the field. Recall
shows the fraction of field-identified old trees that were correctly detected by the model. The
F1-score combines both into one number and is more informative than overall accuracy when
the target class is rare (Manning, et al., 2009).
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5. Results

The results are presented in two parts. First, the method is applied in the development area of
Idre—Sérna, where all components were tested. Second, the method is evaluated in the
independent landscape of Lunsen—Kungshamn—Morga. This structure reflects the workflow in
the methods chapter.

5.1 Idre—Séarna

5.1.1 Segmentation and Descriptive Statistics

The crown segmentation produced 726 763 individual tree crowns in the Idre—Sérna area. The
resulting canopy metrics showed clear structural variation across the landscape (Table 6).
Crown height (H) had a median of 11.7 m, ranging from 3.4 to 30.6 m. Annual height growth
(G) had a median of 0.21 m/year, with a wide range where some extreme values occurred,
reflecting some value errors in the CHMs (Figure 8). Median crown diameter (C) was 6.18 m,
with values between 2.76 and 17.15 m. Crow flatness (F) ranged from near 0 to 15.75 m, with
a median of 3.76 m, indicating notable variation in vertical crown shape.

Table 6: Tree crown metrics across the validation area of Idre—Sdrna.

Variable Minimum Maximum Mean Median Standard Deviation
H (m) 3.40 30.60 11.77 11.70 4.05
G (m/ year) -4.99 2.23 0.23 0.21 0.18
C (m) 2.76 17.15 6.18 6.18 1.59
F (m) 0.00 15.75 3.88 3.76 1.86,

The value error in Figure 8 originates from the ALS dataset from 2014, where the two black
raster cells contain no-data values. When height growth was calculated between the two epochs,
these no-data cells resulted in unrealistic growth values for a very small number of crowns.
These extreme values does not represent true biological growth.

CHM Error
ALS Epoch 2014 ALS Epoch 2022

Legend

|:| Tree Crown Segmentation
P Tree Height Raster

Figure 8: Example of a value error in the canopy height model, where extreme values are the results of the error.
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Figure 9 illustrates the segmentation across the study area. Areas without trees appear as gaps,
consistent with clearcuts and other open terrain.

Crown Segmentation Results
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Figure 9: Visualization of the 726 763 individual tree crowns in the development area of Idre—Sdrna. Two
examples of crown areas are visualized, one is a semi-empty area, and one is a small island the water to west of
the area. © Esri, TomTom, Garmin, FAO, NOAA, USGS, © OpenStreetMap contributors, and the GIS User
Community.

5.1.2 Stratification Overview

The stratification defined 38 possible site-based strata, based on elevation, soil moisture and
peat depth. 726 689 crowns fell into one of the realized strata, whereas the remaining 74 crowns
consisted of fragmented polygons along edges and could therefore not be assigned a stratum.

The number of crowns per stratum varied widely. The largest stratum was low elevation, dry-
fresh, mineral soil sites and contained more than 240 000 crowns, while rare combinations (e.g.,
dry-fresh sites with deep peat) sometimes contained fewer than ten crowns. Most crowns were
concentrated in mineral-soil strata across all elevation bands, whereas strata involving water
surfaces, very wet soils or deep peat frequently contained fewer than a couple of hundred
Crowns.

A complete list of stratum-level statistics is provided in appendix A.

5.1.3 LIFT-Based Threshold Identification

The LIFT evaluation was applied to all strata. Of the 38 strata present in the study area, 14
produced at least one threshold combination that passed all quality filters and were therefore
considered stable. These strata are presented in Table 7 and had all sufficiently large sample
sizes, ranging from approximately 5000 to 240 000 crowns per stratum. Across the strata with
valid results, LIFT values ranged from 2.3 to 12.7, indicating that the selected combinations of
canopy metrics occurred between roughly two and thirteen times more often than expected.
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The strongest enrichment signals were consistently found in dry-fresh, mineral soil strata across
all elevation classes. Fresh-moist strata on mineral or shallow peat soils also produced valid
threshold combinations, although with generally lower LIFT values. Strata associated with
moist-wet conditions or deeper peat did not produce threshold combinations that passed all
quality filters.

Across the retained strata, the selected percentile thresholds showed consistent patterns. Crown
flatness thresholds (F) were consistently in the 95" percentile, which was the highest value
allowed. Crown diameter thresholds (C) were also high, commonly exceeding the 90"
percentile. Height (H) thresholds varied more between strata, while height growth (G) were
consistently located in the lower part of the distribution.

Table 7: List of strata that gave stable LIFT values (>2), which means a threshold combination is identified that
indicates structurally old trees in Idre—Sdrna.

Threshold in Percentiles

Elevation Soil Moisture Peat Depth LIFT Sample size AZ H G C F

H Fresh-Moist 230cm 5.3 8714 1.02 86.9 42.8 99.0 95.0
H Fresh-Moist =40cm 2.7 5594 0.82 81.5 47.7 93.5 95.0
H Fresh-Moist 2>50cm 2.8 11929 1.65 90.7 68.2 98.9 95.0
H Fresh-Moist Mineral soil 5.9 17724 1.07 91.9 35.7 98.9 95.0
H Moist-Wet >250cm 2.6 5178 2.71 95.8 87.9 95.7 95.0
H Dry-Fresh Mineral soil 12.7 34363 0.79 94.7 21.4 99.0 95.0
M Fresh-Moist >30cm 2.9 15894 0.67 85.8 30.9 94.0 95.0
M Fresh-Moist >40cm 3.4 10133 0.95 89.8 38.6 90.7 95.0
M Fresh-Moist 2>50cm 2.3 34652 1.19 86.7 54.2 93.9 95.0
M Fresh-Moist Mineral soil 35 36022 0.91 90.8 33.1 93.6 95.0
M Dry-Fresh Mineral soil 7.9 199272 0.53 93.7 15.5 98.9 95.0
L Fresh-Moist >30cm 2.3 10666 0.71 81.7 36.7 92.9 95.0
L Fresh-Moist Mineral soil 2.8 27044 0.60 73.9 32.0 99.0 95.0
L Dry-Fresh Mineral soil 6.1 243270 0.91 93.8 25.2 98.9 95.0

5.1.4 Classification Output

A total of 1457 crowns were classified as old-like in Idre-Sérna (Figure 10), representing
approximately 0.2% of all crowns. The crown distribution across strata are quite even, except
for the top 2 strata being low and medium elevation, dry-fresh, mineral soil sites. They represent
almost 32% of all crowns.

Most old-like crowns occurred in the same strata that produced the strongest LIFT values,
especially dry-fresh, mineral soil. Spatially, the classified crowns appear as both scattered
individuals and as small clusters. Very few old-like crowns were predicted in moist or wet areas.
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Figure 10: Visualization of the 1 457 crowns classified as old-like in Idre—Sérna. Most occur in dry-fresh
mineral soils. Two examples of old-like dense areas are visualized further. © Esri, TomTom, Garmin, FAO,
NOAA, USGS, © OpenStreetMap contributors, and the GIS User Community.

5.2 Lunsen—Kungshamn—Morga

5.2.1 Segmentation and Stratification

The crown segmentation in Lunsen—Kungshamn—Morga resulted in a total of 314 993
individual crowns. Figure 11 shows the segmentation results for the entire area, along with two
detailed examples from different parts of the area. As presented in the study area, the segmented
crowns represent a landscape with a different focus compared to Idre—Sérna.

The stratification procedure identified a total of 38 site-based strata within the landscape. Most
crowns were in strata associated with mineral soils and fresh-moist conditions, while wet or
peat-influenced strata contained fewer crowns. This distribution reflects the spatial extent of
forested land and the limited presence of water in wetter areas.

Appendix B shows all stratification data for Lunsen—Kungshamn—Morga.
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Figure 11: Visualization of the 314 993 individual tree crowns in the validation area of Lunsen—Kungshamn—
Morga. Two examples of crown areas are visualized, one is in a tree dense part of the area, and one is sparser. ©
Esri, TomTom, Garmin, FAO, NOAA, USGS, © OpenStreetMap contributors, and the GIS User Community.

5.2.2 LIFT-Based Threshold Identification

The LIFT evaluation was applied to all site-based strata in the Lunsen—Kungshamn—Morga
area. Of the 38 strata, 10 produced at least one threshold combination that passed all quality
filters and were therefore retained. These strata are presented in Table 8 together with their
corresponding LIFT values, sample sizes, AZ, and selected percentile thresholds.

Sample sizes for the strata ranged from 20 to approximately 90 000 crowns. For these strata,
LIFT values ranged from 2.2 to 6.7, indicating that the selected combinations of canopy-
metrics thresholds occurred between 2 and 7 times more frequently than expected.

Valid threshold combinations were identified across all three elevation classes and several soil
moisture and peat depth categories. The highest LIFT values occurred in dry—fresh mineral
soil strata, while fresh—-moist and moist—wet strata also produced valid results. One valid
threshold combination was identified in a water-dominated stratum.

The selected percentile thresholds showed consistent patterns. Crown flatness thresholds (F)
were uniformly in the 95" percentile. Crown diameter threshold (C) were generally high,
often close to or at the upper percentiles of the distribution. Height thresholds varied between
strata, while height growth thresholds were consistently located in the lower part of the
distribution.
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Table 8: List of strata that gave stable LIFT values (>2), which means a threshold combination is identified that
indicates structurally old trees in Lunsen—Kungshamn—Morga.

Threshold in Percentiles

Elevation Soil Moisture Peat Depth LIFT Sample size AZ H G C F

H Moist-Wet Mineral Soil 3.7 20 0.52 62.0 47.4 70.0 95.0
L Fresh-Moist >30cm 2.2 527 0.49 63.7 32.1 92.0 95.0
L Fresh-Moist >40cm 2.5 168 0.47 65.0 29.9 83.0 95.0
L Fresh-Moist  Mineral Soil 4.4 9084 0.92 85.6 27.3 99.0 95.0
L Dry-Fresh Mineral Soil 3.3 89855 0.81 84.6 33.7 99.0 95.0
L Water Water 2.2 458 1.73 89.0 58.4 88.0 95.0
M Fresh-Moist >50cm 3.7 1390 0.38 58.5 20.2 99.0 95.0
M Fresh-Moist Mineral Soil 2.2 14233 0.83 85.5 16.4 99.0 95.0
M Moist-Wet >50cm 2.4 1045 1.22 93.0 23.9 82.7 95.0
M Dry-Fresh Mineral Soil 6.7 86426 1.47 99.0 12.4 99.0 95.0

5.2.3 Classification Output

A total of 211 crowns were classified as old-like in Lunsen—Kungshamn—Morga (Figure 12),
representing 0.067% of all crowns. Most classified crowns came from two strata:

e Medium elevation | dry-fresh | mineral soil (87 crowns)
e Low elevation | dry-fresh [mineral soil (67 crowns)

Together, these strata accounted for about 73% of all predicted old-like crowns. Clusters were
found both in recreation forests and within the Kungshamn—Morga nature reserve.

These maps formed the basis for the desktop and field validation.
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Figure 12: Visualization of the 211 crowns classified as old-like in Lunsen—Kungshamn—Morga. Most occur in
dry-fresh mineral soils. Two examples of old-like dense areas are visualized further. © Esri, TomTom, Garmin,
FAO, NOAA, USGS, © OpenStreetMap contributors, and the GIS User Community.

5.2.4 Desktop Validation

In total, 113 of 211 old-like crowns (= 54%) occurred within the Kungshamn—Morga nature
reserve.

. 113
P(Protected |is_old = 1) = —— =~ 0.536 Equation 11
113+98
. 92 470
P(Protected |is_old = 0) = ———— — =~ 0.294 Equation 12
92 4704222 312
0.536
ER = — = 1.82 Equation 13
0.294

This resulted in an enrichment ratio of approximately 1.82, meaning old-like crowns were
nearly twice as common inside the long-protected reserve than expected from the distribution
of all other crowns. Even though this does not confirm true age of individual trees, it shows that
the model highlights trees in places where older forest structures are expected to occur.

5.2.5 Field Validation

A total of 63 trees were visited during the field survey. Field assessments identified 59 trees as
old-like and 4 as not old, based on structural indicators.

The comparison with the methods predictions resulted in Table 9.
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Table 9: Confusion matrix comparing ALS-based predictions with field-observed age status

Old In Field Not Old In Field
Predicted Old TP =21 FP =0
Predict not Old FN =38 TN =4

This corresponds to:

.. 21
Precision = =1 Equation 13
21+0
21
Recall = ~ 0.37 Equation 14
21+38
1*0.37
Fl1= 2% ~ 0.54 Equation 15
1+0.37

The results show that when the model predicts a tree as old-like, it is very reliable. However, it
detects only a small amount of all old-like trees, which reflects the thresholds conservative
nature. However, it must be noted that crown segmentation errors occasionally caused a
mismatch between mapped crowns and individual trees. This must be considered when
analysing the results and it will be further discussed in the discussion.
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6. Discussion

This thesis aimed to develop and evaluate a method for identifying Scots pine trees with old-
like structural characteristics, which was done using nationally available ALS data. The method
combines crown-level structural metrics, site-based stratification, and LIFT-based thresholding
to detect trees that structurally stand out relative to their local surrounding. The discussion
interprets the main findings, evaluates the method performance and limitations, and considers
implications for forestry and conservation.

6.1 Structural Signatures of Old-Like Scots Pine

The results show that a combination of canopy height, crown diameter, crown flatness and
reduced height growth can capture structural traits commonly associated with ageing Scots
pine. These findings agree with established ecological understandings that ageing Scots pine
gradually shifts from vertical to lateral growth, developing wider and flatter crowns while
height increment declines (Linder, 1998; Saarinen et al., 2022; Huo et al., 2023).

Importantly, no single metric was sufficient to identify old-like trees on its own. Height alone
was not a reliable indicator of ageing, particularly in productive stands where many trees
achieve large stature at relatively young ages. This supports earlier observations that large trees
are not necessarily old, and old trees are not necessarily large (Helms, 2004). Instead, ageing
was expressed through combinations of traits, reinforcing the need for a multivariate approach
rather than fixed thresholds applied to individual variables.

Across both study areas, the structural niche associated with old-like trees was rare. In most
strata, fewer than 1% of crowns met all threshold criteria. This reflects the ecological reality
that structurally mature trees form a narrow structural niche within managed forests (Linder,
1998). The rarity of selected trees also explain why strong enrichment values (high LIFT) could
occur despite the numbers of selected individuals.

6.2 Influence on Site Conditions and the Role of Stratification

The performance of the method varied across the strata. The strongest and most stable threshold
patterns were found in dry-fresh mineral soil strata, while moist, peat-dominated or sparsely
forested strata rarely produced robust thresholds. This pattern was consistent in both the
development area and the independent validation area.

These differences likely reflect two interacting factors. First, structural development of Scots
pine is more predictable under well-drained and productive conditions, where long-term
dominance leads to clearer crown expressions of ageing (Linder, 1998; Saarinen et al., 2022).
Second, strata with few crowns or high structural variability provide weaker statistical support
for identifying stable enrichment patterns, regardless of ecological relevance. Similar issues
have been highlighted in previous ALS studies, where site heterogeneity reduces the
interpretability of canopy metrics unless site conditions are explicitly controlled (Valbuena et
al., 2014; Bonnet et al., 2015).
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These results underline the importance of the stratification. By comparing trees only within
similar site conditions, the analysis reduced the risk of confusing productivity-related
differences with ageing signals. Without stratification, thresholds derived from productive sites
would dominate the analysis and obstruct patterns elsewhere.

6.3 Accuracy and Limitations of the Classification

The field validation showed that the method is highly conservative. All trees classified as old-
like displayed clear structural features associated with ageing, resulting in very high precision.
This confirms that the selected threshold combinations correspond to meaningful structural
patterns rather than random outliers.

However, recall was moderate, meaning that many structurally old trees were not detected. This
outcome is expected for several reasons. Ageing in Scots pine is a gradual process, and many
old individuals show only subtle or intermediate structural characteristics that may not exceed
strict percentile thresholds (Linder, 1998; Huo et al., 2023). Additionally, the LIFT framework
is designed to prioritize combinations of traits to co-occur more frequently than expected by
chance. This inherently favours crowns with the strongest and most distinct structural
expression of ageing, while excluding crowns that exhibit less pronounced ageing traits. As a
result, the method emphasizes certainty over completeness, identifying a narrow subset of old-
like trees with high confidence rather than attempting to capture the full population of
structurally old individuals.

The field validation was also limited in size and focused on areas where old trees were already
expected to occur. As a result, accuracy metrics should be interpreted with caution and viewed
as indicative rather than definitive. Together, these factors support interpreting the method as a
prioritization tool rather than a complete inventory method.

6.4 Methodological Strengths and Weaknesses

A key strength of the method is its reliance on national ALS datasets, which represent the
baseline data available to forestry organizations and authorities in Sweden (Nilsson et al., 2016;
Skogsstyrelsen, 2020). This makes the approach transferable and operationally realistic. The
use of multi-temporal ALS to estimate height growth is another important strength, as growth
suppression is a well-established indicator of structural ageing and cannot be derived from
single-epoch data (Kozniewski et al., 2022).

The LIFT framework further strengthens the method. By focusing on combinations of traits that
co-occur more often than expected by chance and not relying on fixed or arbitrary thresholds,
local variations are accounted for. This aligns with the understanding that ageing is expressed
through multivariate structural patterns rather than extreme values of single metrics (Huo et al.,
2023).

A practical advantage of the method is that it can also be applied in areas where site conditions
or stand age are already known. In such cases, site-based stratification is not as relevant, as trees
are already being compared within a stratum that has known attributes. The LIFT-based
approach can then be used to identify the trees that stand out most structurally relative to their
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surroundings. For example, in a stand that is already known to be old, the method does not label
all trees as old-like. Instead, it highlights those individuals with the strongest ageing-related
crown characteristics. This makes the approach useful for not only locating old trees across
heterogeneous landscapes, but also for identifying structurally exceptional trees where
ecological value is expected to be high.

The main weakness lies in crown segmentation. Errors in separating adjacent crowns affected
crown diameter and flatness, and the field observations showed that some predicted crowns
represented multiple trees. This can inflate crown-level metrics and increase the likelihood that
some crowns meet the threshold criteria, even though the signal represents multiple trees rather
than an individual one. Such errors reduce the interpretability of crown geometry metrics and
highlight segmentation quality as a critical limiting factor. Previous studies have noted that low
point density in national ALS data contributes to these challenges, particularly in dense stands
(Vauhkonen et al., 2014; Nilsson et al., 2016).

Additional limitations should also be acknowledged. The relatively low point density of
national ALS data limits the ability to capture fine-scale crown features such as dead branches,
cavities or hollows. As a result, the method identifies trees with old-like structural
characteristics rather than confirming biological age. Structural maturity does not always
correspond to chronological age, especially on sites where growth conditions strongly influence
the crown form. Furthermore, some site-based strata contained relatively few crowns, which
makes enrichment-based statistics more sensitive to random variation. Although this was partly
addressed by applying the quality filters, it still means that structurally old trees occurring in
rare or small strata may be overlooked.

Despite these limitations, the workflow is reproducible and practical. All processing steps were
implemented through scripted workflows linked to a GIS environment, and all input data are
either openly available or accessible through the Geodata Collaboration. The segmentation,
stratification, LIFT analysis and classification steps are fully parameterized and documented,
allowing the method to be rerun in new areas with only minor adjustments. This makes the
approach reproducible by the same types of users who would realistically apply it in forestry or
conservation planning.

6.5 Implications and Future Directions

Building on the identified strengths and limitations, it is interesting to discuss how the method
can be further developed and how it can be applied in practice.

One clear area for improvement is crown segmentation. In dense forest stands, the low point
density of national ALS data makes it difficult to separate overlapping pine crowns. A natural
next step would therefore be to integrate high-resolution orthophotos or multispectral aerial
imagery with ALS data. Previous studies have shown that combining height information with
spectral data can improve crown segmentation, especially in complex canopies (Bonnet et al.,
2015; Valbuena et al., 2014). Such an approach could improve segmentation accuracy and
would also allow the method to be extended into other kinds of forests.
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The individual tree analysis is a central strength of the proposed method. Rather than replacing
this level of detail, future developments could focus on translating individual tree predictions
into aggregated indicators. By summarizing the probabilities or counts of old-like trees, a kind
of index could be created that reflects the presence and concentration of structurally old trees.
Such an index would not diminish the individual tree analysis but serve as an additional support
layer. This approach could bridge the eventual gap between fine-scale detection and forestry
planning. Furthermore, weighing the index by e.g., site conditions could make it “safer”. As the
results showed, the structurally old-like signal was the strongest on dry-fresh, mineral soils.
This means that in more certain conditions, a higher level of certainty can be guaranteed.

Hyyppa et al. (2024) discusses the development of a national scale, individual tree-based forest
information system derived from ALS data. While their system primarily focuses on
production-related attributes, such as volume, biomass, or growth, the method in this thesis
aligns well with the broader direction outlined by the authors. Instead of predicting timber-
related variables, the method estimates the likelihood that individual trees exhibit old-like
structural characteristics. Importantly, the approach presented here does not rely on specialized
sensors, high density ALS or any other complex modelling frameworks. This makes it
compatible with the scalable and operational GIS workflows discussed by Hyyppa et al. (2024).
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7. Conclusion

This thesis demonstrates that national ALS data, despite its limitations, can meaningfully
distinguish Scots pine individuals that exhibit old-like structural characteristics. The core
finding is that structural ageing signals do not appear randomly across the landscape but form
specific patterns depending on local variation. This confirms that individual tree ageing is
detectable at a national data resolution when crown metrics are combined with site-aware
stratification as well as an enrichment-based thresholding approach.

More importantly, the study shows that identifying structurally old trees does not require high-
density LiDAR or local calibration. By relying solely on national datasets, the method
demonstrates that existing data already contain enough information to guide conservation-
decisions at tree level. This finding has practical implications: forestry planners can use routine
national ALS products to prioritize retention trees and reduce field visits. The method therefore
fills a gap between broad-scale forest inventories and fine-scale biodiversity needs.

The results also highlight that structural ageing is a rare but strongly patterned phenomenon.
Old-like crowns consistently represent a very small fraction of all trees. However, their
thresholds are strongest in sites containing dry-fresh mineral soils, indicating that these
environments allow the pine to grow these structurally mature traits.

The study also clarifies the limits of what national ALS can achieve. Structural ageing can be
detected, but fine-scale traits remain invisible. This invisibility puts a bigger emphasis on
accurate crown segmentations, especially in dense stands. The method is therefore best
understood as a prioritization tool: it identifies trees worth visiting in the field but will not
provide a complete census of all old trees.

Finally, the findings point to several directions for future work. Larger field surveys are needed
to quantify performance more robustly and to refine threshold selection. Incorporating
multispectral data or more point dense ALS scans may improve sensitivity to additional ageing
features. These developments would strengthen the method’s ability to support retention
forestry.

In conclusion, the thesis shows that structurally old Scots pine can be detected at individual tree
level using national ALS data. The presented method is not a complete solution, but it is a
practical and scalable step toward improving the identification and retention of old trees.
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Appendices

Appendix A.1 Strata Overview: Idre—Sédrna

Stratum ID Elevation Band Soil Moisture

1L
2L
3L
4L
5L
6L
7L
8L
9L
10 L
I1L
12 L
13L

14 M
ISM
16 M
17M
I8 M
19 M
20 M
21 M
22 M
23 M
24 M
25M
26 M

27TH
28 H
29 H
30 H
31H
32H
33H
34 H
35H
36 H
37H
38H
39H

40 Undef.

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Undef.

Peat Depth
Mineral soil
>30 cm
>40 cm
>50 cm
Mineral soil
>30 cm
>40 cm
>50 cm
Mineral soil
>30 cm
>40 cm

> 50 cm
Water

Mineral soil
>30 cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm

> 50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Water

Mineral soil
>30cm
>40 cm

> 50 cm
Mineral soil
>30 cm
>40 cm
>50 cm
Mineral soil
>30 cm
>40 cm

> 50 cm
Water

Undef.
Sum:

41

n (cells) Hectares
3228 181 1291.27
419 0.17
57 0.02
4 0.00
404 388 161.76
156 679 62.67
96 254 38.50
352 433 140.97
2 025 0.81
2 401 0.96
2 876 1.15
476 621 190.65
722 570 289.03

2547010 1018.80

316 0.13

27 0.01

3 0.00

517 195 206.88

231 464 92.59

146 073 58.43

580 931 232.37

1355 0.54

1 659 0.66

2449 0.98

881 336 352.53

87 841 35.14

419 085 167.63

26 0.01

5 0.00

0 0.00

225512 90.20

113 771 45.51

74 086 29.63

175 540 70.22

18 0.01

115 0.05

369 0.15

174 644 69.86

4019 1.61
Undef. Undef.

11 629 757 4651.9



A.2 Height Related Metrics

P95 Height (H)

Stratum ID Elevation Band Soil Moisture Peat Depth

1L
2L
3L
4L
5L
6L
7L
8L
9L
10L
11L
121
13L

14 M
15M
16 M
17M
18 M
19M
20 M
21 M
2M
23 M
24 M
25 M
26 M

27H
28 H
29 H
30 H
31 H
32H
33 H
34H
35 H
36 H
37H
38 H
39 H

40 Undef.

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Undef.

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30 cm
>40 cm
>50 cm
Water

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Water

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30 cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Water

Undef.

n (crowns) Min
243270
34
3
0
27044
10666
6504
20695
104
118
125
12042
232

199272

25947
95

34363

17724
8714
5594

11929

1

23
5178

74

42

3.40
5.80
13.30
3.50
4.00
4.00
3.60
4.90
4.60
5.90
3.50
4.10

3.40
5.70
7.60
3.50
3.90
3.60
3.60
5.10
5.80
4.40
3.60
3.80

3.40

3.60
3.70
3.70
3.60
16.80
6.70
5.20
3.80
4.40

5.90

Max

30.60
20.90
21.10

29.00
29.10
28.80
28.10
21.40
27.70
25.80
23.40
23.00

28.40
18.10

7.60
28.00
27.50
26.40
27.30
23.30
22.20
22.10
25.70
17.10

27.10

30.30
27.80
29.40
29.60
16.80
23.70
22.30
23.90

9.80

20.40

Mean

Metres
Median
13.21 13.40
13.54 13.35
16.17 14.10
13.00 13.00
12.70 12.50
12.47 12.20
11.12 10.70
13.79 14.10
13.24 13.50
12.67 12.60
9.31 8.80
12.32 13.00
11.28 11.10
12.62 14.35
7.60 7.60
10.89 10.40
10.89 10.40
11.10 10.70
10.47 10.00
12.29 12.80
11.74 11.65
9.90 9.30
8.67 8.20
9.52 8.90
10.07 10.00
11.16 11.40
11.63 11.70
12.03 11.90
12.07 11.70
16.80 16.80
14.32 14.90
12.58 11.20
8.82 8.40
7.10 7.10
13.50 13.50

Standard Deviation
3.94
4.16
4.29
4.06
4.10
4.15
3.79
3.03
3.77
3.98
2.89
4.12

3.95
4.35
0.00
3.71
3.66
3.74
3.51
4.03
3.44
3.52
2.64
2.97

4.02

3.72
3.72
3.78
3.96
0.00
5.15
4.82
2.81
3.82



A.3 Growth Related Metrics

Growth per year (G)

Stratum ID Elevation Band Soil Moisture Peat Depth n (crowns) Min

1L
2L
3L
4L
5L
6L
7L
8L
9L
10L
11 L
12L
13L

14 M
15 M
16 M
17M
18 M
19M
20 M
21 M
2 M
23 M
24 M
25M
26 M

27H
28 H
29 H
30 H
31 H
32H
33 H
34 H
35 H
36 H
37H
38 H
39H

40 Undef.

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Undef.

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Water

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30 cm
>40 cm
>50 cm
Mineral soil
>30 cm
>40 cm
>50 cm
Water

Mineral soil
>30 cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30 cm
>40 cm
>50 cm
Water

Undef.

243270
34

3

0
27044
10666
6504
20695
104
118
125
12042
232

199272
18

0

1
36022
15894
10133
34652
59

90
129
25947
95

34363
0

0

0
17724
8714
5594
11929
1

43

-1.98
-0.01

0.05
-1.65
-1.76
-1.19
-1.39
-0.11
-0.11
-0.88
-1.83
-0.33

-4.71
-0.08

0.56
-1.70
-3.64
-0.88
-1.43
-0.10
-0.15
-0.16
-4.99
-0.16

-4.83

-3.61
-1.43
-2.01
-1.65

0.01

0.01
-0.20
-1.28
-0.11

-0.16

Max Mean
2.09
0.56
0.18
1.09
1.45
1.13
1.45
0.50
0.71
0.76
1.46
1.70

2.23
0.36
0.56
1.53
1.65
1.29
1.68
0.39
0.59
0.86
1.65
0.94

1.03

0.98
1.13
1.06
1.05
0.01
0.23
0.23
0.60
0.06

1.56

Metres per Year

0.26
0.23
0.10
0.24
0.22
0.21
0.15
0.18
0.20
0.21
0.09
0.13

0.25
0.12
0.56
0.21
0.19
0.17
0.11
0.10
0.15
0.23
0.05
0.07

0.28

0.25
0.23
0.20
0.13
0.01
0.11
0.08
0.04
-0.03

0.20

Median Standard Deviation

0.25
0.22
0.08
0.21
0.20
0.18
0.11
0.16
0.19
0.19
0.06
0.09

0.26
0.06
0.56
0.21
0.18
0.15
0.06
0.08
0.13
0.19
0.03
0.05

0.31

0.29
0.24
0.18
0.09
0.01
0.08
0.08
0.03
-0.03

0.14

0.18
0.15
0.07
0.19
0.19
0.19
0.17
0.13
0.15
0.21
0.14
0.20

0.16
0.14
0.00
0.17
0.17
0.17
0.15
0.10
0.15
0.21
0.11
0.13

0.17

0.19
0.18
0.18
0.17
0.00
0.07
0.10
0.09
0.12

0.24



A.4 Crown Diameter Metrics

Crown diameter (C)

Stratum ID Elevation Band Soil Moisture Peat Depth n (crowns) Min

1L
2L
3L
4L
SL
6L
7L
8L
9L
10L
11 L
12L
13L

14 M
15M
16 M
17M
18 M
19M
20 M
21 M
2 M
23 M
24 M
25M
26 M

27H
28 H
29 H
30H
31 H
32H
33H
34 H
35H
36 H
37H
38 H
39H

40 Undef.

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Undef.

Mineral soil
>30cm
>40 cm
>50cm
Mineral soil
>30cm
>40 cm
>50cm
Mineral soil
>30cm
>40 cm
>50cm
Water

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Water

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Water

Undef.

243270
34

3

0
27044
10666
6504
20695
104
118
125
12042
232

199272

25947
95

34363

17724
8714
5594

11929

23
5178

74

44

2.76
3.57
6.08
2.76
2.76
2.76
2.76
2.99
2.76
3.39
2.76
2.76

2.76
2.76
2.76
2.76
2.76
2.76
2.76
2.76
2.76
2.76
2.76
2.76

2.76

2.76
2.76
2.76
2.76
6.08
3.39
2.99
2.76
3.19

2.76

Max

17.04
9.24
7.98

15.68
14.58
15.59
14.76
12.72
11.56
13.26
15.35
11.51

16.35
8.67

2.76
14.88
15.84
14.09
17.15
11.78
11.11

9.90
13.30
11.73

13.54

12.91
14.05
12.96
16.31
6.08
8.52
10.34
13.26
7.57

13.54

Mean

Metres

6.43
6.63
7.00
6.54
6.54
6.55
6.20
6.58
6.44
6.61
5.51
7.49

6.07
6.64
2.76
6.10
6.12
6.21
6.01
6.92
6.47
5.75
5.23
6.30

Median

6.38
6.86
6.96

6.48
6.48
6.48
6.18
6.48
6.53
6.58
5.41
7.74

6.08
7.22

2.76
6.08
6.08
6.18
5.97
6.96
6.53
5.75
5.05
6.28

Standard Deviation
1.46
1.68
0.95
1.57
1.61
1.64
1.70
1.61
1.51
1.81
1.70
2.02

1.58
1.88
0.00
1.64
1.65
1.67
1.70
2.06
1.78
1.56
1.64
1.82

1.60

1.53
1.54
1.51
1.63
0.00
1.50
1.84
1.67
3.10

2.35



A.5 Crown Flatness Metrics

Crown flatness (F)

Stratum ID Elevation Band Soil Moisture Peat Depth n (crowns) Min

1L
2L
3L
4L
SL
6L
7L
8L
9L
10L
11L
12L
13L

14 M
15 M
16 M
17M
18 M
19M
20 M
21 M
2 M
23 M
24 M
25 M
26 M

27 H
28 H
29 H
30H
31H
32H
33H
34 H
35H
36 H
37H
38 H
39H

40 Undef.

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Undef.

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Water

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Water

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Water

Undef.

243270
34

3

0
27044
10666
6504
20695
104
118
125
12042
232

199272

25947
95

34363

17724
8714
5594

11929

23
5178

74

45

0.00
1.24
3.98

0.00
0.05
0.00
0.03
0.60
0.47
0.44
0.01
0.00

0.00
1.22

2.20
0.00
0.04
0.06
0.00
0.55
0.71
0.21
0.00
0.14

0.06

0.04
0.13
0.20
0.03
6.95
1.01
0.91
0.02
0.03

Max

14.24
9.90
8.97

13.96

14.50

13.46

13.36
9.05
9.89

10.89

12.79
9.36

15.71
6.78
2.20

13.59

12.95

13.83

14.63
9.03
8.55
8.26

12.82
7.49

13.52

11.87
12.63
14.13
15.75
6.95
6.87
6.46
12.75
2.39

11.38

Mean

Metres

4.42
4.63
5.99
4.44
4.35
4.26
3.71
4.94
4.60
4.55
291
4.02

3.73
4.11
2.20
3.66
3.66
3.72
3.40
4.40
4.16
3.34
2.47
3.17

3.18

3.52
3.64
3.78
3.86
6.95
3.66
3.63
2.52
1.21

5.08

Median

4.36
4.79
5.03

4.34
4.20
4.08
3.49
5.08
4.62
4.25
271
4.31

3.57
4.24

2.20
3.45
3.46
3.54
3.21
4.39
4.00
3.03
2.24
3.00

Standard Deviation
1.79
1.95
2.63
1.92
1.98
1.98
1.92
1.76
1.81
2.04
1.67
2.42

1.81
1.83
0.00
1.78
1.79
1.80
1.81
1.98
1.80
1.74
1.55
1.63

1.72

1.63
1.64
1.68
1.85
0.00
1.86
1.77
1.65
1.67



Appendix B.1 Strata Overview: Lunsen—Kungshamn—Morga

Stratum ID Elevation Band Soil Moisture Peat Depth n (cells) Hectares

1L Dry-fresh Mineral soil 575 597 230.24
2L Dry-fresh >30 cm 310 0.12
3L Dry-fresh >40 cm 25 0.01
4L Dry-fresh >50 cm 1 0.00
5L Fresh-moist Mineral soil 34 164 13.67
6L Fresh-moist >30 cm 3241 1.30
7L Fresh-moist >40 cm 1247 0.50
8L Fresh-moist >50 cm 895 0.36
9L Moist-wet Mineral soil 327 0.13
10L Moist-wet >30 cm 574 0.23
I11L Moist-wet >40 cm 412 0.16
12L Moist-wet >50 cm 2 855 1.14
13L Water Water 671 264 268.51
14 M Dry-fresh Mineral soil 1 689 735 675.89
15M Dry-fresh >30 cm 776 0.31
16 M Dry-fresh >40 cm 65 0.03
17M Dry-fresh > 50 cm 8 0.00
18 M Fresh-moist Mineral soil 234 380 93.75
19M Fresh-moist >30 cm 23 777 9.51
20 M Fresh-moist >40 cm 9 088 3.64
21 M Fresh-moist >50 cm 34014 13.61
2 M Moist-wet Mineral soil 56 0.02
23 M Moist-wet >30 cm 361 0.14
24 M Moist-wet >40 cm 623 0.25
25 M Moist-wet > 50 cm 10 482 4.19
26 M Water Water 401 0.16
0.00
27H Dry-fresh Mineral soil 1 745 997 698.40
28 H Dry-fresh >30cm 151 0.06
29 H Dry-fresh >40 cm 1 0.00
30 H Dry-fresh > 50 cm 0.00
31H Fresh-moist Mineral soil 212 796 85.12
32 H Fresh-moist >30 cm 51423 20.57
33 H Fresh-moist >40 cm 24 239 9.70
34 H Fresh-moist >50 cm 92 840 37.14
35 H Moist-wet Mineral soil 202 0.08
36 H Moist-wet >30 cm 486 0.19
37H Moist-wet >40 cm 276 0.11
38 H Moist-wet >50 cm 81 130 32.45
39 H Water Water 5 0.00
40 Undef. Undef. Undef. Undef. Undef.
Sum: 5504 224  2201.69
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B.2 Height Related Metrics

P95 Height (H)

Stratum ID Elevation Band Soil Moisture

1L
2L
3L
4L
SL
6L
7L
8L
9L
10L
11L
12L
13L

14 M
15M
16 M
17M
18 M
19 M
20 M
21 M
2M
23 M
24 M
25 M
26 M

27H
28 H
29 H
30H
31H
32H
33H
34 H
35H
36 H
37H
38 H
39H

40 Undef.

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Undef.

Peat Depth
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50cm
Mineral soil
>30cm
>40 cm
>50 cm
Water

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50cm
Water

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Water

Undef.

n (crowns) Min
21436
5
0
0
871
120
62
43
6
2
5
33
469

100 589
5

0

0

12 609
1329
498
2246
2

3

11
776
10

137538
12
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3.10
10.00

3.20
3.30
6.20
4.20
8.50
8.70
5.10
4.50
3.30

3.30
4.10

3.30
3.60
4.00
3.90
9.00
12.50
6.10
4.20
4.10

39.30
18.00

33.60
31.10
27.80
26.90
18.70
21.90
27.30
25.10
27.10

49.20
22.70

35.00
31.40
29.20
29.80

9.00
13.40
16.20
28.70
14.70

41.20
23.10

31.10
30.30
30.20
30.10
17.30
15.80
19.70
23.80

9.40

Metres

19.47
14.06

14.81
15.00
17.09
17.18
14.23
15.30
17.04
10.45
12.81

20.41
14.76

19.39
18.92
18.87
19.24

9.00
12.90
12.67
17.32

7.85

16.55
17.05

16.66
16.08
15.21
12.90
12.89
12.55
13.93
10.88

6.88

20.40
14.40

14.00
15.60
17.35
17.30
14.30
15.30
21.60

7.20
12.90

21.00
20.30

20.10
19.50
19.60
19.90

9.00
12.80
13.50
17.40

5.85

16.50
17.10

17.00
16.40
15.40
12.70
12.60
12.90
15.40
10.60

6.20

Median Standard Deviation

6.73
3.65

8.01
6.90
5.88
4.95
3.98
9.33
9.78
6.29
4.96

5.27
9.73



B.3 Growth Related Metrics

Growth per year (G)

Stratum ID Elevation Band Soil Moisture Peat Depth n (crowns) Min

1L
2L
3L
4L
5L
6L
7L
8L
9L
10L
I1L
12L
13L

14 M
15M
16 M
17M
18 M
19M
20 M
21 M
22 M
23 M
24 M
25 M
26 M

27H
28 H
29H
30 H
31 H
32H
33H
34 H
35H
36 H
37H
38 H
39H

40 Undef.

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Undef.

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Water

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30 cm
>40 cm
>50 cm
Water

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30 cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Water

Undef.

21436
5

0

0
871
120
62
43
6

2

5
33
469

100 589
5

0

0

12 609
1329
498
2246
2

3

11

776

10

137538

48

Max

2.54
1.03

1.13
1.08
1.15
0.93
0.70
1.09
1.03
1.18
1.55

3.58
0.56

3.26
3.05
3.11
2.74
0.75
0.59
0.54
1.04
0.65

3.88
0.51

1.79
1.04
1.03
1.31
0.49
0.34
0.63
1.25

0.16

Metres per Year
Mean Median Standard Deviation

0.11
0.46

0.18
0.23
0.22
0.24
0.24
0.41
0.34
0.24
0.06

0.26
-0.22

0.25
0.25
0.25
0.21
0.35
0.38
0.08
0.19
0.15

0.24
0.21

0.28
0.23
0.20
0.18
0.16
0.14
0.14
0.15

0.07

0.10
0.44

0.10
0.11
0.18
0.21
0.14
0.41
0.06
0.20
0.06

0.26
0.26

0.26
0.26
0.24
0.21
0.35
0.48
0.09
0.19
0.09

0.21
0.15

0.25
0.21
0.19
0.18
0.11
0.14
0.15
0.15

0.07

0.30
0.52

0.39
0.33
0.31
0.25
0.31
0.95
0.47
0.45
0.32

0.35
1.39

0.47
0.39
0.34
0.29
0.57
0.27
0.29
0.18
0.23

0.19
0.17

0.24
0.21
0.21
0.17
0.13
0.09
0.21
0.19

0.11



B.4 Crown Diameter Metrics

Crown diameter (C)

Stratum ID Elevation Band Soil Moisture Peat Depth n (crowns) Min

1L
2L
3L
4L
SL
6L
7L
8L
9L
10L
11L
12L
13L

14 M
I5M
16 M
17M
18 M
19 M
20 M
21 M
2 M
23 M
24 M
25 M
26 M

27H
28 H
29H
30H
31H
32H
33H
34 H
35H
36 H
37H
38 H
39H

40 Undef.

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Undef.

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Water

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Water

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50cm
Water

Undef.

21436
5

0

0
871
120
62
43
6

2

5
33
469

100 589
5

0

0

12 609
1329
498
2246
2

3

11
716
10

137538
12

0

0

17 419
4206
1 887
7015
21

15

19
5727
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2.76
5.05

2.76
2.76
2.99
2.99
4.79
4.07
2.76
2.99
2.76

2.76
2.99

2.76
2.76
2.76
2.76
2.76
6.18
3.19
2.76
3.74

2.76
3.57

2.76
2.76
2.76
2.76
6.58
4.92
4.51
2.76

4.65

Max
19.74
11.23

16.96
17.08
13.54
15.39

9.90

5.53
15.72
12.87
16.55

24.17
7.65

21.97
16.47
13.49
14.36

6.28
12.31
11.40
13.16
13.45

17.70
11.34

15.14
15.05
14.18
19.02
12.26
12.05
14.36
14.32

12.21

Median Standard Deviation

Metres
Mean
8.00 7.82
7.48 7.57
7.37 6.96
7.70 7.27
7.93 7.57
7.25 7.31
7.27 7.29
4.80 4.80
8.78 7.57
6.53 5.75
8.13 8.06
7.44 7.31
5.36 5.53
7.11 7.05
7.19 7.14
7.32 7.31
7.24 7.14
4.52 4.52
8.60 7.31
6.13 6.08
7.06 6.96
7.59 6.95
7.50 7.40
7.73 7.86
7.24 7.14
7.31 7.23
7.44 7.31
7.35 7.23
9.22 9.71
8.70 8.59
8.75 8.81
6.63 6.58
8.20 7.97

2.39
2.60

2.72
3.01
2.66
2.32
2.03
1.03
5.18
2.58
2.36

1.79
2.06

1.77
1.85
1.65
1.64
2.49
3.26
2.21
1.60
2.96

1.57
2.40

1.61
1.70
1.73
1.76
1.72
1.94
2.67
1.83

3.25



B.5 Crown Flatness Metrics

Crown flatness (F)

Stratum ID Elevation Band Soil Moisture Peat Depth n (crowns) Min

1L
2L
3L
4L
SL
6L
7L
8L
9L
10L
11L
12L
13L

14 M
I5M
16 M
17M
18 M
19 M
20 M
21 M
2 M
23 M
24 M
25 M
26 M

27H
28 H
29H
30H
31H
32H
33H
34 H
35H
36 H
37H
38 H
39H

40 Undef.

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Dry-fresh
Dry-fresh
Dry-fresh
Dry-fresh
Fresh-moist
Fresh-moist
Fresh-moist
Fresh-moist
Moist-wet
Moist-wet
Moist-wet
Moist-wet
Water

Undef.

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Water

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Water

Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50 cm
Mineral soil
>30cm
>40 cm
>50cm
Water

Undef.

21436
5

0

0
871
120
62
43
6

2

5
33
469

100 589
5

0

0

12 609
1329
498
2246
2

3

11
716
10

137538
12

0

0

17 419
4206
1 887
7015
21

15

19
5727

50

0.00
3.03

0.06
0.05
1.39
0.69
2.37
3.70
0.28
0.61
0.02

0.00
0.57

0.05
0.20
0.31
0.20
2.20
3.10
1.43
0.27
0.41

0.02
1.01

0.10
0.16
0.18
0.14
1.55
1.47
1.75
0.08

1.42

Max
26.06
7.32

18.40
14.15
16.43
10.50
9.56
9.39
10.06
9.49
14.18

33.04
11.19

19.79
19.38
16.71
15.49
4.30
5.56
6.76
14.13
7.97

32.40
6.14

15.23
13.79
12.89
13.40
8.51
4.43
8.47
13.81

3.64

Median Standard Deviation

Metres
Mean
591 5.77
5.08 4.69
4.84 4.27
5.13 5.40
6.64 6.59
5.98 6.27
6.19 6.38
6.55 6.55
6.19 8.16
3.69 2.33
4.67 4.88
5.64 5.34
4.36 3.44
5.65 5.28
5.56 5.21
5.15 4.67
4.42 3.97
3.25 3.25
4.39 4.49
4.93 5.24
4.33 4.04
2.87 1.74
4.22 3.98
3.43 3.08
3.97 3.64
3.74 3.43
3.64 3.28
3.17 2.87
3.94 3.89
3.13 2.95
4.04 3.23
2.84 2.47
2.04 1.55

2.89
1.91

3.46
2.94
3.12
2.36
2.80
4.02
4.36
2.86
2.49

2.66
4.43

2.94
2.85
2.70
2.25
1.48
1.23
1.59
2.05
2.49

1.86
1.63

1.93
1.83
1.82
1.60
1.46
0.79
1.86
1.73

1.07



Appendix C
1. Tree type:
] Model-tree [] Proximal tree [ 30-metre tree

2. Diameter at breast height (DBH)

3. Does the trunk exhibit fire damage?
[] Yes 1 No
4. Are there any bracket fungus visible?
[] Yes ] No
5. Are there any visible cavities?
L] Yes ] No
6. Is the bark of a different structure? (rough, crocodile/armoured bark)
[J Yes ] No
7. Does the tree have thick branches?
[J Yes [J No
8. Does the tree have dead branches?
[J Yes ] No
9. Is the crown shape flat?
[ Yes L] No
10. Is the tree considered to have the character of an older tree?

] Yes ] No
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Appendix D
D.1 Overall Workflow

D.2 LIFT Workflow

“.-{1




Appendix E
How Do We Compare One Tree to Every Other Tree?

LIFT tests different combinations of thresholds for the canopy metrics within each strata:

Height
Crown width

Crown flatness

Height growth

Example (purely theoretical, no tree grows 4 m/year): / 0.6

e Height > 10 m, Width > 1 m, Flatness < 5 m, Growth <4 m/year i
e Height > 12 m, Width > 1.3 m, Flatness < 3.5 m, Growth < 2.8 m/year

e Height > 15 m, Width > 3.5 m, Flatness < 3 m, Growth <2 m/year —_ A

e Height > 17 m, Width > 4.0 m, Flatness < 2.5 m, Growth < 1.5 m/year \

1.7

For every candidate, the quality filters remove candidates that does not fulfil all three filters, and the LIFT-value is calculated.

In this theoretical example, the model would save threshold 3, because that combination resulted in the highest LIFT-value.

Observed Prevalence

The LIFT-value is calculated as

Expected Prevalence’

Example LIFT Value:
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Expected Prevalence

Here is a theoretical example of how the expected prevalence is calculated.

How many percent of all trees are:

Higher than 10 metres

Wider than 4 metres

Flatter than 3 metres

Grows less than 1.3 metres / year

Tree 1 and 2 > 10 metres =» 50% of all trees

Tree 2 and 3 has a crown width > 4 metres = 50% of all trees
Tree 2 and 4 has a crown flatness < 3 metres = 50% of all trees
Tree 2 grows < 1.3 metres/year =» 25% of all trees

Expected prevalence = 0.5 x 0.5 x 0.5 x 0.25 = 0.03125 = 3.125%

Trees

1

AL
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Observed Prevalence
Here is a continuation on the theoretical example, with the focus on observed calculated.
How many percent of all trees fulfil all thresholds simultaneously:

e Higher than 10 metres

e Wider than 4 metres

e Flatter than 3 metres

e Grows less than 1.3 metres / year

From the expected prevalence, we know what trees fulfil what demand, but if we only look at the tree(s) that fulfils all thresholds:

e Tree 1 and 2 > 10 metres = 50% of all trees

e Tree 2 and 3 has a crown width > 4 metres = 50% of all trees

e Tree 2 and 4 has a crown flatness < 3 metres = 50% of all trees
e Tree 2 grows < 1.3 metres/year = 25% of all trees

It is evident that tree 2 is the only one that fulfils all thresholds, which means that:

Observed prevalence = tree 2 fulfils all thresholds simultaneously = 25%
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LIFT — Ratio LIFT-Value

Now that we know that: o )
LIFT = 1 = The combination of traits occurs exactly as often as expected by chance
=> No structural signal is present

Expected prevalence = 3.125% = 0.03125 LIFT <1 - The combination occurs less often than expected by chance

=>The thresholds are not meaningful and do not capture any realistic structure
Observed prevalence = 25% = 0.25

LIFT > 1 = The combination occurs more often than expected by chance
=> A strong signal is present in the data, and the thresholds are relevant for

We can calculate LIFT as: identifying old trees
Observed Prevalence
LIFT =
Expected Prevalence
LIFT = 25 _ 8
©0.03125 b

This is a simple way of exemplifying the process, but keep in mind that everything is theoretical. A forest of four trees is not probable, and the
values presented is not rooted in real life either. However, it is a way of showing how LIFT works and how the method compares the observe
prevalence and the expected prevalence.
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