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Abstract
In forestry, natural forests are forest areas with high biodiversity, in need of preservation.
The current mapping of natural forests is a tedious task that requires manual labor that
could possibly be automated.
In this paper we explore the main features used by a random forest algorithm to classify
natural forest and managed forest in northern Sweden. The goal was to create a model
with a substantial strength of agreement, meaning a Kappa value of 0.61 or higher,
placing the model in the same range as models produced in previous research.
We used raster data gathered from airborne LiDAR, combined with labeled sample
areas, both supplied by the Swedish Forest Agency. Two experiments were performed
with different features. Experiment 1 used features extracted using methods inspired
from previous research while Experiment 2 further added upon those features. From the
total number of used sample areas (n=2882), 70% was used to train the models and 30%
was used for evaluation.
The result was a Kappa value of 0.26 for Experiment 1 and 0.32 for Experiment
2. Features shown to be prominent are features derived from canopy height, where
the supplied data also had the highest resolution. Percentiles, kurtosis and canopy
crown areas derived from the canopy height were shown to be the most important for
classification.
The results fell short of our goal, possibly indicating a range of flaws in the data used.
The size of the sample areas and resolution of raster data are likely important factors
when extracting features, playing a large role in the produced model’s performance.

Keywords
Geographic information systems, Classification and regression trees, Supervised
learning by classification
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1

Introduction

Natural forests are forest areas with high natural values and biodiversity. In contrast,
managed forests are forest areas that does not display such properties. Natural forest
areas are typically smaller in size and they are often isolated by managed forests. These
areas are of great importance to both plant life, animals and insects in that they often
host red-listed or endangered species. They are also important to keep the natural
biodiversity among flora and fauna. (Jönsson, Fraver, & Jonsson, 2009; Paillet et al.,
2010)
The Swedish government has tasked the Swedish Forest Agency (SFA) with performing
a nation wide mapping of natural forests for preservation and management purposes
by 2027 (see appendix A). Current mapping has begun in an organised manner in the
northern parts of Sweden. However, this mapping is manual and the process is therefore
lengthy. (Eneroth & Stål, 2018)
Geographic data from airborne LiDAR, also known as airborne laser scanning, has
been gathered for large parts of Sweden (Lantmäteriet, 2018), and previous research
has shown prominence in utilizing LiDAR data for natural forest classification (Heurich
& Thoma, 2008; Næsset, 2002; Sverdrup-Thygeson, Ørka, Gobakken, & Næsset, 2016).
The goal is to explore machine learning classification of natural forests by using labeled
sample areas combined with LiDAR data, and to investigate what features are important
for such classification.
The produced results could possibly be of help in the current nationwide mapping of
natural forests. The produced classifier can most likely not be accurate or reliable
enough to be an asserting factor in the mapping, but could possibly be a helping factor,
i.e. for suggesting areas to be evaluated. The results can also be the basis for a wider
machine learning project at SFA, since this project falls into their introduction to the
subject. The classification results and feature importance will be interesting for both
SFA and future research when it comes to comparing previous research results, both in
regard to the machine learning method and the type of data.
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Problem description

Mapping of natural forests is currently ongoing in the proximity of high mountains in
northern Sweden. In sample areas, areas with a radius of 25 meters, personnel of SFA
gather data on site in order to determine if the sample area has high natural values and
can be classified as a natural forest.
LiDAR data from airborne laser scannings in the sample areas already exist and contain
data about properties like canopy height, canopy coverage, biomass etc. Previous
research has shown prominence in classifying areas as natural or managed forests based
on similar features (Sverdrup-Thygeson et al., 2016).
SFA aims to find an automated system for determining if an area can be classified as
a natural forest or a managed forest. But even if such a system is not reliable enough
for definitive assertion it could still provide useful predictions. These predictions could
change how SFA operates in mapping natural forests. It could provide insight before
manual data gathering on site, alternatively support or dismiss the need for manual data
gathering in the first place.
To produce an automated system, complex forest structure properties need to be
generalized the into features which can be used as input for a machine learning method.
This process includes tweaking of not only the input features, and hence the method to
derive them from raw LiDAR forest properties, but also the machine learning method
itself.
Since SFA is interested in whether it is even possible to use any sort of machine learning
in the topic of natural forest classification, no specific terms have been imposed on the
project apart from investigating said topic.

1.2

Aim and scope

The purpose of this work is to explore possibilities of machine learning classification
of Swedish natural forests and features importance for said classification, given the
available LiDAR data. The investigation includes both replicating methods from
previous studies, but also expanding on those methods. From this purpose, the following
research question is derived:
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Which features can most accurately predict natural forests?
Note that when referring to features, in the context of the research question, features
are those mentioned in 3.3 and no further features that could possibly be extracted or
engineered.
The research question is answered by conducting two experiments. In the first
experiment, Experiment 1, we try to recreate features described in Sverdrup-Thygeson
et al. (2016). In the second experiment, Experiment 2, we expand on Experiment 1,
modify parameters and use additional data to extract more features.
In both experiments, a model is produced. By letting the model classify a number
of test samples we can evaluate the model using Cohen’s kappa coefficient (Kappa
value). The kappa value is a measurement of how much better the classification is
compared to pure chance; 0 being equal to pure chance and 1 being equal to a perfect
classification (Cohen, 1960). For both experiments, the goal is to try to produce a model
with at least substantial strength of agreement (Kappa value of 0.61 or higher) (Landis
& Koch, 1977). Substantial strength of agreement is chosen since it is the same range of
Kappa value that Sverdrup-Thygeson et al. (2016) achieved with the same classification
algorithm (Kappa = 0.74).
Further, evaluation of features is done by reading model performance (Kappa value)
while adding/removing features as well as reading the feature importance, calculated
from Gini importance (Breiman, 1984, 2001), retrieved from producing the model.

1.3

Related work

Airborne LiDAR has been proven useful in gathering data about forest- and
tree-properties with improving accuracy in boreal forests, i.e. northern forests mostly
consisting of pine and spruce (Næsset, 2002). It has also been proven useful in other
areas with both coniferous and deciduous trees like in Bavaria, where tree height and
tree diameter, among others, were the properties that could be measured most accurately
(Heurich & Thoma, 2008).
Sverdrup-Thygeson et al. (2016) also investigated if airborne LiDAR, producing vertical
and horizontal forest structures, can be used to separate old near natural forests from old
managed forests. Sverdrup-Thygeson et al. found that airborne LiDAR data had strong
potential in separating natural versus managed forest stands. Sverdrup-Thygeson et
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al. also found that the most important features for classification were those reflecting
canopy height, canopy density, variation in canopy height, number of trees per area and
gap patterns (Ripley’s K), however the importance varied with what learning algorithm
was used. The distinction they made between near natural and managed forests where
that old natural boreal forests display high within-stand variation in age and size of trees
as well as large amounts and high diversity of dead wood and old trees. Managed boreal
forests, however, displayed a more homogeneous tree composition, age structure and
vertical stratification. Sverdrup-Thygeson et al. used three different learning algorithms
to classify near natural forests from managed ones. Among the different learning
algorithms used, Logistic Regression proved most successful with a Kappa value of
0.75 compared to 0.74 for Random Forest and 0.73 for Boosted Regression Trees.
Paillet et al. (2010) found that species richness was higher in unmanaged forests by
6.8% compared to managed forests. Although, the species richness of vascular plants
tended to be higher in managed forests. The reason for this is that plants with a higher
preference of brighter conditions have a greater opportunity to grow due to frequent
disturbances in managed forests such as canopy openings.
Above articles have used LiDAR data from forest stands, i.e. contiguous and uniform
communities of trees, in different countries with machine learning methods. However,
none have used airborne LiDAR data from the Swedish boreal region where the amount
of labeled samples also differ. Since the data used in these articles are from larger
stands they can possibly include areas that would not be classified as natural forests if
seen outside of the stand. Using smaller, well classified, labeled areas where everything
inside has been manually classified could possibly give better results.

1.4

Outline

Chapter 2: ”Background” starts by giving relevant forestry terminology as well as
machine learning concepts and technologies. Chapter 3: ”Method and implementation”
describes the labeled sample areas, as well as the GIS rasters that are used for extracting
data. Feature extraction and the work process are explained followed by the expected
results and how the data will be analysed. Chapter 4: ”Results” presents results from
both Experiment 1 and Experiment 2. Chapter 5: ”Analysis” goes in to detail of what
is show in chapter 4, with more in depth accuracies. Chapter 6: ”Discussion” compares
the results of both Experiment 1 and Experiment 2 and tries to explain said results and
model performances. A comparison with Sverdrup-Thygeson et al. (2016) is also made.
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The discussion finishes of with potential future improvements that can be done in future
studies, as well as describing some pitfalls that can be avoided. Chapter 7: ”Conclusion”
concludes the paper, features the highlights of what was discovered and presents future
improvements.

2
2.1

Background
Forestry: Relevant Concepts and Terminology

Previously, the definition of natural forest was based on forest naturalness. Forest
naturalness is comprised of tree species composition, animal species composition and
natural processes in the region. Today, the definition of Swedish natural forest is set
by the Nordic Council in collaboration with the Nordic countries and each country’s
forest agency or agencies. The definition as stated in de Wit et al. (2013) reads:
“In Finland, Norway, and Sweden natural forests are generally considered as forest
developed through natural regeneration on untouched forest land or on old, tree covered
natural grazing land...” (p. 25)
There is a distinction between natural forest and old grown forest, but a set definition
on old grown forest has not been developed. As phrased in de Wit et al. (2013): “The
concept of old-growth forest has been much used, especially about old, natural forests
in North-America. Still, a common and agreed definition does not seem to have been
developed...” (p. 26)
de Wit et al. (2013) later states:

However, a pragmatic definition will include the following characteristics:
Presence of relatively old trees, that is – large, old, late-successional tree
species with ages close to their life-expectancy and a mean age that is
half of the age of long- lived, dominating trees (their longevity); structural
and compositional features that witness self-replacement through gap-phase
dynamics (Wirth et al. 2009). A compact definition of old-growth forests
could thus be old, natural forests, i.e., forests significantly older than the
normal harvestable age and with structural features characteristic of natural
ecological processes and disturbances, with less concern about past human
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influences that currently have a marginal effect of forest ecosystem structure
and function... (p. 26)
A single, precise definition applicable to all forest types may not be possible. In this
article, we refer to both old grown forest and natural forest as natural forest. We also
refer to any forest other than natural forest as managed forest. A brief history of natural
forests, managed forests, and further context can be read in appendix B.

2.2

Fundamental Concepts of Machine Learning and Decision
Trees

Machine learning is, according to Flach (2012): “...the systematic study of algorithms
and systems that improve their knowledge or performance with experience.” (p. 3). The
key here is improving with experience, like a human learning something new.
Central to machine learning are the concepts of features and tasks and their relation
to data, models and learning problems. Features are ways to describe relevant
characteristics of objects in a simple and understandable manner. These objects are
often our raw, gathered data which may be related to a specific domain. An extracted
feature should be understandable without having to go back to the domain object to
understand it. A task is a simplified version of a problem to solve. A common example
of a task is classification of objects. To solve a task there is often the need of mapping
from input data to output data using a model. This can be achieved through solving
a learning problem. A learning problem is essentially a description of something we
want to achieve and is solved by a learning algorithm. The solution, or output, from the
learning problem, produced by a learning algorithm, is the model. (Flach, 2012)
Supervised learning is a subcategory of machine learning or statistical learning where
the goal is to produce a concise model that can predict future instances from previously
supplied instances (Kotsiantis, 2007). For classification this means that the resulting
model can be used to label instances where feature values are known but the instance is
unlabeled.
A type of logical-based supervised learning methods are decision trees. The goal of a
decision tree classifier (DTC) is to correctly classify as many of the training samples
as possible while also generalizing beyond the given training samples for further
classification of new instances. DTC’s should also be easy to update with more training
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Figure 1. Example of how one tree in our experiments could look like. For each node, the rows says the
following: Feature and split value (split value is the threshold that gives the highest information gain for
that split), Gini Importance (of the node at the current tree depth), samples that reach the node, value (The
amount of samples in the node that are either natural forest or not natural forest. At each node, around
37% of the values are duplicates from bagging, hence a larger sum of value compared to samples.), and
class (shows which classification there is most of, of the current values in the node. Includes bagged
samples.). The leaf nodes do not show a feature, since the classification is made from its parent node and
it did not need to look at another feature. The depth that is shown is 4, but it continues further for some
nodes.

samples and should have the simplest structure possible (Safavian & Landgrebe, 1991).
Many DTC models are built upon and optimized by simple measures like limiting tree
depth, error rates and number of nodes. Classification and Regression Trees (CART)
is a term coined by Breiman (1984) as an umbrella term when referring to DTC’s
among other methods. DTC’s are also categorized by fast classification speed, good
ability in dealing with multiple types of attributes and great transparency of knowledge
(Kotsiantis, 2007).
Bagging is a method for generating new training sets from an original training set
(Breiman, 1996). From the use of bagging, Breiman (2001) created the Random Forest
(RF) classification method which uses multiple decision trees. Each tree is constructed
from a random sample of the given training set (see Figure 1). Each node in a tree looks
at a feature taken from a random subset of the total amount of input features (Tin Kam
Ho, 1995). The feature chosen from each subset is the one with the highest decrease
in Gini Impurity (Breiman, 2001; Menze et al., 2009). Gini Impurity is the probability
of incorrectly classifying a random sample. This subset selection makes the algorithm
both general on the one hand, and able to take noise and outliers into account to prevent
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overfitting on the other.
The aim of each node is to maximize the decrease of Gini Impurity going deeper down
the tree. The decrease in all nodes in all trees in the forest is accumulated, to produce
the Gini Importance. A high Gini Importance indicates how much a feature decreased
the Gini Impurity throughout the whole forest, and can be seen as a measurement of
how important that feature is to the produced model when classifying. (Breiman, 1996;
Menze et al., 2009)
The random forest algorithm generates multiple classification trees on differently
bagged samples. During classification, each tree gets fed data to be classified. The final
classification is typically decided through a majority vote among all the generated trees
(i.e. the forest). Because of the Random Forest algorithm’s ability to handle large data
sets with multiple features, it has become popular in a range of areas including ecology
and remote sensed data (Cutler et al., 2007; Gislason, Benediktsson, & Sveinsson, 2006;
Sverdrup-Thygeson et al., 2016).
Like Sverdrup-Thygeson et al. (2016), we are evaluating the importance of features for
classification of natural forests using the Gini coefficient (Breiman, 1984, 2001).

3

Method and implementation

The chosen method to solve the formulated problem in 1.2 is experimentation around
input features to the Random forest learning algorithm. The reason for conducting
experiments is because our data is quantitative in nature, and we want to evaluate what
features are the most important to a random forest classifier.
The goal of the experiments is for the Random forest algorithm to produce a model
with as high reliability as possible (measured in Kappa value) to distinguishing between
managed forests and natural forests. As input, we use different extracted features from
the LiDAR data overlapping the labeled sample areas. The output is the models that we
can evaluate using a testing data set and from which we can extract feature importance.
The evaluation results and and the feature importance can therefore be seen as the
measurable outputs from which we can calculate measures like the Kappa value.
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A challenge is the extraction of features that are relevant for the classification. Feature
extraction is partly based on previous research done by Sverdrup-Thygeson et al. (2016)
and is listed in section 3.3. Another challenge is the tweaking of the Random Forest
algorithm parameters so it can best utilize the input features to produce a model with as
high Kappa value as possible. The parameters of interest are the number of trees in a
forest1 and the minimum number of samples a node needs before it creates child nodes2 .

3.1

Labeled data

A. Evaluation area
B. Sample area
A.

A.

B.
25

m

Figure 2. Illustration of evaluation areas (A), sample areas (B) and their relation. Sample areas are not
restricted to be inside an evaluation area. These are not the actual evaluation areas of sample areas used,
nor their absolute position in Sweden, but rather a simplified illustration.

SFA mapping procedures include the random selection of evaluation areas; square areas
of 5 by 5 kilometers of forest in the proximity of high mountains (see Figure 2). Inside
the evaluation areas, a randomly selected reference point is the basis for sample areas
which are generally evenly spaced in a grid like fashion. A sample area is a circular
area, 25 meters in radius, already labeled by SFA.
1 Parameter:
2 Parameter:

n estimators - RandomForestClassifier - scikit-learn.org
min sample split - RandomForestClassifier - scikit-learn.org
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Natural forest: 1,857

70%

30%

Sample areas: 4,175

No missing data: 4,054
"Object with no natural values": 1,025
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Training data set: 2,017

70%
30%

Holdout data set: 865

"Object with natural values": 1,150

Has missing data: 121

Not classified: 22

Figure 3. The amount of sample areas at each step of the extraction and work process.

The current amount of classified sample areas where LiDAR data exists are 4,054, out
of which 1,857 are classified as natural forest, 1,025 as object with natural values and
1,150 as object with no natural values. 22 out of the 4,054 sample areas were not
classified. Sample areas labeled as object with natural values are omitted since they are
neither a positive nor negative for natural forests but rather a gray area. This results in
an experiment sample size of 1,025 + 1,857 = 2,882 sample areas (see Figure 3).

3.2

LiDAR data and GIS rasters

Raw data was gathered in the Swedish National laser scanning from 2018 using airborne
LiDAR (Lantmäteriet, 2018). The scan was made at an altitude of around 3,000 meters
with an angle of ± 20o and a side overlap of at least 10%. The gathered data had a
density of 1-2 measured points per square meter, forming a point cloud data set.
From the gathered LiDAR data a series of rasters has been derived and are easily
represented in a Geographical Information System (GIS). These derived rasters are
2-dimensional planimetric data, i.e. horizontal, showing values across latitude and
longitude from above.

• Basal area - 12.5-meter resolution
• Biomass - 12.5-meter resolution
• Canopy Height - 2-meter resolution
• Crown coverage - 12.5-meter resolution
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• Mean diameter - 12.5-meter resolution
• Mean height - 12.5-meter resolution
• Volume - 12.5-meter resolution
• Upper height - 12.5-meter resolution

3.3

Features for experiment

Table 1
List of features for Experiment 1. The base values are the prefix while the statistical
aggregates are the suffix for the final features name. For example n5m.mean and
n5m.sd, resulting in 2 features for n5m.
Raster

Base values

Statistical aggregates

Radiia Resb Sumc

Canopy height
Canopy height
Canopy height
Canopy height
Canopy height
Canopy height
Canopy height
Canopy height
Canopy height
Canopy height

Hd
H10, H20, ..., H100
tops
nndist
n5m
n10m
K0, K1, ..., K10
crown.area
gap3m.area
gap5m.area

mean, sd, skew, kurt, cv

25
25
25
25
25
25
25
25
25
25

All

number
mean, sd
mean, sd
mean, sd
mean, sd
number, mean, sum
number, mean, sum

2
0.25e
0.25e
0.25e
0.25e
0.25e
0.25e
0.25e
0.25e
0.25e

5
10
1
2
2
2
11
2
3
3
41

a

Different radii used for extracting data, measured in meters
Resolution of raster data used, measured in meters
c Total number of features produced (= number of base values · number of statistical aggregates
(if given) · number of radii)
d Raw data pixel values
e Interpolated to 0.25 meters from 2 meters
b

From the available rasters listed in 3.2 a final set of features were generated. These
features include, but are not limited to, features replicated from Sverdrup-Thygeson et
al. (2016). Canopy densities from height intervals used in Sverdrup-Thygeson et al.
(2016) could not be recreated. This is due to the limited access to only two dimensional
raster data, unlike the raw point cloud data needed to create the density features.
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First, base values were extracted and/or calculated from the rasters. The first set of base
values were simply the raw data pixel values from the cut out sample area from each
raster layer (see base values with annotation ’d’ in Table 1 and Table 2).
A number of specific base values were also calculated for the canopy height raster only.
Height percentiles were calculated from the raw canopy height with values over 2 meters
and is denoted as H10, H20... H100 where H10 is the 10th percentile of heights over 2
meters, H20 the 20th percentile and so on.

A.

B.

C.

D.

E.

F.

Figure 4. (A) Smoothed CHM, (B) Thresholded smoothed CHM, (C) Tree tops (in red) overlayed the
thresholded smoothed CHM, (D) tree crown segments, (E) confined gaps at 3 meters, (F) confined gaps
at 5 meters. All images (A through F) show the same sample area.

Further base values were calculated after pre-processing of the raster data. First, the
canopy height was upsampled to a resolution of 0.25 meters per pixel using bilinear
interpolation. A gaussian smoothing filter was then applied with a sigma value of 1.
The result is referred to as the smoothed CHM (see A in Figure 4). Further, a portion of
the smoothed CHM was removed where the values are below a certain discriminating
height threshold, resulting in the thresholded smoothed CHM (see B in Figure 4). For
Experiment 1, the discriminating height threshold is calculated as the Otsu threshold
(Otsu, 1979). For Experiment 2 this threshold is tweaked manually.

CLASSIFYING NATURAL FORESTS USING LIDAR DATA

13

Table 2
List of features for Experiment 2. The base values are the prefix while the statistical
aggregates and radii are suffixes for the final features name. For example n5m.mean.25,
n5m.sd.25, n5m.mean.50 and n5m.sd.50, resulting in 4 features for n5m.
Raster

Base values

Statistical aggregates

Radiia

Resb

Sumc

Crown coverage

CCd

25, 50

12.5

16

Basal area

BAd

25, 50

12.5

16

Mean diameter

MDd

25, 50

12.5

16

Volume

Vd

25, 50

12.5

16

Upper height

UHd

25, 50

12.5

16

Biomass

BMd

25, 50

12.5

16

Mean height

MHd

25, 50

12.5

16

Canopy height

Hd

mean, median, max, min,
sd, skew, kurt, cv
mean, median, max, min,
sd, skew, kurt, cv
mean, median, max, min,
sd, skew, kurt, cv
mean, median, max, min,
sd, skew, kurt, cv
mean, median, max, min,
sd, skew, kurt, cv
mean, median, max, min,
sd, skew, kurt, cv
mean, median, max, min,
sd, skew, kurt, cv
mean, median, max, min,
sd, skew, kurt, cv

25, 50

2

16

Canopy height
Canopy height
Canopy height
Canopy height
Canopy height
Canopy height
Canopy height
Canopy height
Canopy height

H10, ..., H100
tops
nndist
n5m
n10m
K0, K1, ..., K10
crown.area
gap3m.area
gap5m.area

25, 50
25, 50
25, 50
25, 50
25, 50
25, 50
25, 50
25, 50
25, 50

0.25e
0.25e
0.25e
0.25e
0.25e
0.25e
0.25e
0.25e
0.25e

20
2
4
4
4
22
6
8
8

All

number
mean, sd
mean, sd
mean, sd
mean, sd, sum
number, mean, sd, sum
number, mean, sd, sum

206

a

Different radii used for extracting data, measured in meters
Resolution of raster data used, measured in meters
c Total number of features produced (= number of base values · number of statistical aggregates
(if given) · number of radii)
d Raw data pixel values
e Interpolated to 0.25 meters from 2 meters
b

The number of tree tops (tops) was calculated running a peak local maxima filter on
the thresholded smoothed CHM (see C in Figure 4). From the tree tops, the distance to
the nearest tree top neightbor (nndist) could then be calculated as well as the number
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Table 3
Table showing statistical aggregates and their associated denotation and description.
Method
Number
Mean

Denotation
number
mean

Description
The count of the given base values.
The mean value of the given base values.
Calculated as:
1 n
x1 + x2 + · · · + xn
x = ∑ xi =
n i=1
n
The (n/2)th value for n values.
The highest value of the given base values.
The lowest value of the given base values.
Describes the amount of variation of the given
baseq
values. Calculated as:
1
2
s = N−1
∑N
i=1 (xi − x)

Median
Minimum
Maximum
Standard deviation

median
min
max
sd

Skewness

skew

Describes the asymmetry of the distribution of
the given
Calculated as:
base values.

3
γ1 = E X−µ
σ

Kurtosis

kurt

Descriptor for the shape of the distribution curve
of the given base values. Can also be seen as
a probability measurement for the more extreme
base values. Calculated as:
Kurtosis = σµ44


4
2 2
where µ4 = ∑(xin−x) and σ 4 = ∑(xin−x)

Coefficient of variance

cv

Summation

sum

The ratio between the standard deviation and
mean of the given base values. Calculated as:
cv = σx
All given base values added to a single value.

of tree tops within 5 meters (n5m) and 10 meters (n10m) of each tree top. Ripley’s
reduced second moment function K(r) (Ripley, 1976) could also be calculated. Ripley’s
K gives a simplified description of patterns among points. We calculated Ripley’s K with
Ripley’s isotropic correction for edge correction for radii of 0 to 10 meters (K0, K1, ...,
K10) over the each sample areas area (≈ 1, 963m2 ).
By using the tree tops as markers, a marker based watershed segmentation was
performed on the thresholded smoothed CHM (see D in Figure 4). The crown area was
calculated as the amount of pixels in each segment larger than 2 pixels and is denoted
as crown.area.
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Further, all values below 3 meters were removed from the smoothed CHM. Then a
morphological opening filter, with a circular mask of 0.5 meter radius, was applied to
remove noise and tiny gaps. Finally, gaps stretching outside of the sample area was
removed resulting in only gaps confined to the sample area (see E and F in Figure 4).
The area of each of these gaps were then calculated as gap3m.area. This method was
then repeated for values below 5 meters, resulting in gap5m.area.
For the base values we calculated statistical aggregates in order to represent an arbitrary
number of data points in each base value as a single value for each sample area. The
exceptions are the percentiles and Ripley’s K which are already represented as a single
value. Examples of these aggregates are the number of values, the mean, standard
deviation etc. The list of all aggregates used can be found in Table 3.

3.4

Technology and platforms

Processing of data (feature extraction), model training and validation was done with
Python3 and documented through Jupyter Notebook4 (see appendix E).
To work with the GIS rasters provided by the SFA, the python library Gdal5 was used
which allows reading of Geo-Tiff files with the ability to translate coordinates to pixels
and extract individual bands from multi-page files among other functionalities.
For the machine learning algorithm, we used the random forest algorithm implemented
in the Scikit-learn Python package6 . This implementation provides an easy way to
change input parameters to change how the algorithm should work but also and easy
way to immediately extract feature importance.

3 Python

- Python.org
- Jupyter.org
5 GDAL - Geospatial Data Abstraction Library
6 RandomForestClassifier - scikit-learn.org
4 Jupyter
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Work process

SFA has provided locations and classifications of sample areas (3.1) as well as GIS
rasters overlapping the majority of the sample areas (3.2). Using the Gdal library for
Python, the sample areas’ coordinates could be mapped to the rasters in order to extract
the surrounding data points; 25 meters in radius for Experiment 1, and both 25 and 50
meters in radius for Experiment 2.
The result was 8 circular raster cut outs per radius per sample area. From the raster
cut-outs the experiment features (3.3) could be calculated. Experiment 1 only used
features from the canopy height raster cut out, while Experiment 2 used all the raster
cut outs.
From the final experiment sample size, 2,882 (see 3.1), we split the data into two
randomly stratified data sets; one for training and one for testing.
The training data set was used to produce a model using the Scikit-learn Random
Forest algorithm. Parameters for the random forest algorithm and modifications in
feature extraction for Experiment 2 were calibrated by further splitting the training
data set into training and validation data sets, focusing on maximizing the measured
Kappa value. Here, repeated k-fold cross validation was used (Wong, 2015) with
5 folds and 20 repeats to get an approximation of the model’s performance. For
Experiment 2, the discriminating height threshold was first tweaked with a step size
of 0.1 decimeter between the lower bound (0 decimeters) and the upper bound (344
decimeters). Furthermore, for both experiments, the amount of trees were tweaked with
a step size of 2 between 10 to 300. Once the amount of trees were set, the min sample
split was tweaked with a step size of 1 in the range 2 to 50.
Once everything was tweaked we could evaluate the models using the testing data set,
also referred to as the holdout data set. To summarize, the independent variables are the
features fed to the random forest algorithm in combination with the tweaked parameters,
and the dependent variables are the feature importances from the produced models, as
well as the outcome of the classified testing data set classified by each model.
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Hypotheses

For Experiment 1, the expected result is that n10m.mean and gap5m.area.mean are
among the more important features for classifying natural forest. The expectation is
drawn from the feature importance presented in Sverdrup-Thygeson et al. (2016).
For Experiment 2, the expected result is that features derived from canopy height have
an overall higher feature importance. In other words the same features that are important
for Experiment 1 will most likely perform best here as well. This is expected due to the
superior resolution of the canopy height raster compared to the other rasters. SFA has
also indicated that canopy height most likely provides the most information regarding
forest structures describing natural forests.
When comparing the two experiments, it is expected that Experiment 2 shows higher
overall score values (i.e. better classification) compared to Experiment 1. More features
can compliment each other to better describe the forest structure, which in turn gives a
better result.

3.7

Data analysis

For the experiments, as results, we collect the number of correctly classified natural
forest sample areas as true positives, the number of incorrectly classified natural forest
sample areas as false positives, the number of correctly classified managed forest
sample areas as true negatives and the number of incorrectly classified managed forest
sample areas as false negatives. From this, a number of different accuracies can be
calculated. These accuracies, together with the results, are presented in a confusion
matrix (Table 4) which can easily be compared with results from other studies such as
Sverdrup-Thygeson et al. (2016).
Here we define positive as natural forest and negative as managed forests. Producer’s
accuracy describes the amount of correctly classified samples in relation to the actual
class’ sample size. User’s accuracy describes the amount correctly classified samples in
relation to the total samples in the same predicted class.
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Table 4
Confusion matrix showing the results and how the results are analyzed.
Actual
Classification
Positive
Negative
Sum
User’s accuracy
a
b
Positive
TP
FP
PPVc
Negative
FNd
TNe
NPVf
Sum
557
308
865
g
h
Producers Accuracy
TRP
TNR
ACCi
Cohen’s Kappa
κ
Area Under Curve
AUC
a

True positives, natural forest predicted where actual natural forest was present.
False positives, natural forest predicted where actual natural forest was not present.
TP
c Positive predictive value, calculated as PPV =
TP + FP
d False negatives, managed forest predicted where actual managed forest was not present.
e True negatives, managed forest predicted where actual managed forest was present.
TN
f Negative predictive value, calculated as TNV =
TN + FN
TP
g True positive rate, calculated as TPR =
TP + FN
TN
h True negative rate, calculated as TNR =
TN + FP
TP + TN
i Accuracy, calculated as ACC =
TP + TN + FP + FN
b

To measure the model’s predictive reliability, Cohen’s kappa is used, as mentioned
in subsection 1.2. Cohen’s kappa is a value of how much better the classification
is compared to pure chance. A value of 0 being pure chance and 1 being a perfect
classification. The kappa value (Sim & Wright, 2005) is calculated as:

κ=

ACC − pe
1 − pe

Where ACC is the accuracy (see Table 4) and the expected probability of chance
agreement Pe (Sim & Wright, 2005) is calculated as:

Pe =

(T P+FN)·(T P+FP)
n



+



(FN+T N)·(FP+T N)
n



n

Descriptions of TP, TN, FP and FN can be found in Table 4.
The kappa value could go below zero, which means that the classification is worse than
pure chance. (Cohen, 1960)
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Area under the ROC curve (AUROC) is also be used to evaluate and compare the models
from each experiment. A ROC curve (Receiver operating characteristic) is a curve
where false positive rate (FPR) is plotted against true positive rate (TPR). Each point in
the graph is a result from a confusion matrix. By plotting the FPR and TPR from one
or more confusion matrices, one could see which matrix gives the best proportion of
correctly and incorrectly classified samples. When the AUROC is calculated, it can be
used to compare models with each other and also possibly other learning algorithms. A
higher AUROC generally indicates a better model. (Pearce & Ferrier, 2000)
To evaluate what features are important, feature importance is be calculated from the
Gini importance (Breiman, 1984, 2001).

4
4.1

Results
Experiment 1
Table 5
Confusion matrix showing the resulted classification of
the testing data set for Experiment 1.
Actual
Classification
Positive
Negative
Sum
a
b
Positive
491
198
689
c
d
Negative
66
110
176
Sum
557
308
865
a

True positives.
False positives.
c False negatives.
d True negatives.
b

Results from Experiment 1 can be seen in Table 5.
The number of trees for the random forest algorithm was tweaked to 198 and the min
sample split was tweaked to 22.
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Experiment 2
Table 6
Confusion matrix showing the resulted classification of
the testing data set for Experiment 2.
Actual
Classification
Positive
Negative
Sum
a
b
Positive
505
190
695
c
d
Negative
52
118
170
Sum
557
308
865
a

True positives.
False positives.
c False negatives.
d True negatives.
b

Results from Experiment 2 can be seen in Table 6.
The discriminating height threshold was tweaked to a value of 10.2 decimeters.
The number of trees for the random forest algorithm was tweaked to 226 and the min
sample split was tweaked to 12.
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Analysis
Experiment 1

Experiment 2

Radius (meters)
50
25

Figure 5. Top 10 feature importances for Experiment 1 (left) and Experiment 2 (right). For full list of
feature importances, see appendix C for Experiment 1 and appendix D for Experiment 2.

5.1

Experiment 1

Experiment 1 yielded a Kappa value of ≈ 0.26, resulting in a fair strength of agreement
(Landis & Koch, 1977). A value of 0.619 was measured for the AUROC (see
Experiment 1 in Table 7).
The highest ranking feature is H.kurt with a feature importance of ≈ 0.07 (see
Experiment 1 in Figure 5). n10m.mean was hypothesised to be among the most
important features. While not being the most important, it still ranked 6th out of the
total 41 features. gap5m.area.mean however performed worse than expected, ranking
20 with all other metrics related to gaps ranking lower.
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Table 7
Confusion matrix showing results and analysis from Experiment 1.
Actual
Predicted
Positive Negative Sum User’s accuracy
Positive
491a
198b 689
0.713c
Negative
66d
110e 176
0.625f
Sum
557
308 865
g
Producers Accuracy
0.882
0.357h
0.695i
Cohen’s Kappa
0.264
Area Under Curve
0.619
a

True positives.
False positives.
c Positive predictive value.
d False negatives.
e True negatives.
f Negative predictive value.
g True positive rate.
h True negative rate.
i Accuracy.
b

Some features was assigned values equal across all sample areas. These features got an
importance equal to 0. The least important feature above zero was Ripley’s K value for
a radius of 2 meters (K2) with an importance of ≈ 0.01. This is most likely due to the
low chance of tree tops being as close to each other as 2 meters because of the raster’s
resolution of 2 meters. While not impossible, like for K0 and K1, there were probably
only few sample areas that got a K2 value and therefore the model had a hard time using
that feature to classify any sample area.

5.2

Experiment 2

Experiment 2 yielded a Kappa value of ≈ 0.32, also resulting in a fair strength
of agreement (Landis & Koch, 1977). The AUROC was measured at 0.645 (see
Experiment 2 in Table 8).
As hypothesised, all top 10 most important features were derived from the canopy height
raster, continuing to the 15th most important feature, MD.sd.50. The feature with the
highest feature importance is H.kurt.50 with a feature importance of ≈ 0.021. Other than
kurtosis, metrics describing crown areas ranked high in importance (see Experiment 2
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Table 8
Confusion matrix showing results and analysis from Experiment 2.
Actual
Predicted
Positive Negative Sum User’s accuracy
Positive
505a
190b 695
0.727c
Negative
52d
118e 170
0.694f
Sum
557
308 865
g
Producers Accuracy
0.907
0.383h
0.720i
Cohen’s Kappa
0.322
Area Under Curve
0.645
a

True positives.
False positives.
c Positive predictive value.
d False negatives.
e True negatives.
f Negative predictive value.
g True positive rate.
h True negative rate.
i Accuracy.
b

in Figure 5).
Similar to Experiment 1, features that, during feature extraction, got equal values across
all sample areas and got a feature importance of 0, i.e. not useful at all for the model.
Ripley’s K for radii under 2 meters were in very rare cases assigned values here and got
a minuscule importance (less than 0.0001). Not counting those anomalies, UH.min.25
was the least important feature with an importance of ≈ 0.001. Other features derived
from upper height had among the worst importance with the highest of them UH.sd.25
being ranked 48 out of the total 206.

6
6.1

Discussion
Experiment comparison

The model produced from Experiment 1, where only features described in
Sverdrup-Thygeson et al. (2016) were used, performed overall worse than the model
produced from Experiment 2. There is a Kappa value increase of ≈ 0.06 (22%) from

CLASSIFYING NATURAL FORESTS USING LIDAR DATA

24

Experiment 1 to Experiment 2, where both experiment models still lies in the range of
fair strength of agreement. There is also a small increase in the AUROC by ≈ 0.02 (4%)
in Experiment 2.
One reason for the better prediction in the model produced from Experiment 2 could be
the increase in the amount of features. While not being of very high resolution they can
still provide useful data to complement data merely derived from canopy height.
A large portion of the added features were derived from 50 meter radius cut outs instead
of 25 meters. H.kurt.50 was the most important feature, supporting a theory that more
data points are needed to accurately describe and classify the forest structure.
The choice of using 50 meter radii to extract data can however be questioned. The areas
examined and classified are of 25 meters radius, not larger. Assuming that anything
outside of the 25 meter radius is of the same class is not always valid. It is likely
that surrounding forest is somewhat similar to the one contained inside the sample area
but the extra area could also contain roads, water or other non-forest data. Another
possibility is overlapping in the extra data over sample areas. None of the sample areas
overlap but extending their radius could include data from multiple sample areas while
extracting features, possibly leading to model overfitting.
The most important feature for both experiments was the kurtosis calculated from the
canopy height, denoted as H.kurt, H.kurt.50 and H.kurt.25. While the mean of the
kurtosis for both classes were negative, natural forests had a slightly higher kurtosis in
general compared to managed forests, and also less variance. Kurtosis gives a simplified
description of the distribution of values, compared to a normal distribution, which can
give additional insight in the overall forest structure.

6.2

Analysing results and comparison with previous work

Ultimately we did not reach our goal of producing a model with similar performance to
that of Sverdrup-Thygeson et al. (2016). There are a number of possible reasons for the
difference in performance that we can only speculate in.
First of all we were not able to accurately calculate vertical density distributions like
the D0, D1, ..., D10 features used in Sverdrup-Thygeson et al. (2016). The features
must have played a large role in classification as Sverdrup-Thygeson et al.’s model gave
these features significant importances (combined importance greater than the combined
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height percentiles). To be able to accurately represent vertical features to provide
three-dimensional descriptions of forest can be a key that is missing. We were not
able to calculate said density distributions due to not having access to the raw LiDAR
point cloud or other ways of measuring density vertically.
Another difference in our implementation is the different labeled areas. While
Sverdrup-Thygeson et al. (2016) used irregular polygons over entire forest stands with a
mean area of 1.9 ha (19, 000m2 ) we were limited to the circular sample areas of ≈ 0.2ha
(1, 963m2 ). Sverdrup-Thygeson et al. (2016) also removed all forest stands not able to
contain a 0.2 ha circular plot, hence were all Sverdrup-Thygeson et al.’s labeled areas
larger than ours, not counting the extended areas in Experiment 2.
Contrary to our speculation in 1.3, it could be better with larger, somewhat
homogeneous areas such as forest stands rather than smaller areas that are certainly
asserted just because of their sheer size. Our model performance did also increase with
expanded size of the sample areas used (25 meters to 50 meters), possibly indicating
that size is important. Using areas 50 meters in diameter gives areas of 0.8 ha (7854m2 )
which is still not half the size of Sverdrup-Thygeson et al.’s mean forest stand area, and
as stated previously these faux-labeled objects are not guaranteed to contain only the
smaller areas’ labeled forest type.
Even though Sverdrup-Thygeson et al. (2016) had a total of 379 forest stands compared
to our 2,882 sample areas, Sverdrup-Thygeson et al. still had labeled data for a total area
of 720.1 ha compared to our 565.9 ha. More data, either per sample or in total generally
leads to a better trained model.
There is also the possibility of there simply being a too large difference in the type
of forest used in Sverdrup-Thygeson et al. (2016). The labeled data used, supplied by
SFA, are from different areas across northern Sweden while Sverdrup-Thygeson et al.’s
forest stands are from the same 17,000 ha forest property. In Sverdrup-Thygeson et al.’s
area of study, the stands could be rather similar compared to our scattered sample areas.
The means of extracting these features could be very accurate for this type of forest but
worse for the types we are dealing with. Although, basing the difference in performance
on the study area could possibly indicate that Sverdrup-Thygeson et al.’s model would
perform worse in other areas of study compared to our model that would give results
more in line with our measured accuracies, if applied on new sample areas.
Other reasons for difference in performance can be the resolution of our data. The
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height features were derived from a 2 meter per pixel raster that was interpolated into
0.25 meter per pixel. Identifying tree tops, tree crowns and crown gaps is most likely
not very accurate. It is hard to identify these features by manually looking at the
given raster and deriving them automatically could hence give faulty values. We do
not know the horizontal accuracy of the laser scanning used by Sverdrup-Thygeson et
al. (2016) and can therefore not say if the resolution is a major differencing factor in
the feature extraction. If the resolution used is more detailed than 2 meters per pixel,
Sverdrup-Thygeson et al. did not only have better basis to extract canopy describing
features such as tree tops and crown areas, but also had more data in general to also give
more accurate values for further features calculated from the height raster.
All these differences in implementation can make it hard to compare our experiments
with Sverdrup-Thygeson et al. (2016).
As for further validity of methods used, we tried to have an ethical usage of the available
data. The hold out samples were never used for training or tweaking, nor validation
before the final evaluation. This gives a more fair estimate of how the classifier would
perform if used on an arbitrary set of samples or data collected in the future. The model
is still only tweaked for the data available and might not perform as good in other forest
types outside of northern Sweden.

6.3

Future improvements

Improvements that could be done in further research is the usage of additional satellite
imagery data to extract features. SFA posses satellite data with different bands for
different wavelengths. This data is also at the resolution of 0.25 meters per pixel, making
it far more detailed than any of the rasters used in our feature extraction. Spracklen and
Spracklen (2019) describes random forest classification of natural forests in Ukraine
using satellite data available from open access. Spracklen and Spracklen’s measured
accuracy was 85%, and the used satellite data had a resolution of at best 10 meters per
pixel. Spracklen and Spracklen also describes ways of extracting useful features from
said satellite image data.
A more thorough investigation into the science of feature extraction and feature
engineering is also recommended. The extracted featured have been based on
Sverdrup-Thygeson et al. (2016) and from these we have experimented on our own.
There are possibly more ways of describing two-dimensional forest structures other than
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the methods used in chapter 3.3. Examples are the differently calculated features from
Spracklen and Spracklen (2019) where also multiple bands are combined to calculate
describing features.
Other interesting aspects to taking on the problem of classifying natural forests could
be pixel-based versus object-based classification. We have currently been using object
based classification where our objects are the circular sample areas. Like stated earlier,
having irregular polygons like forest stands could possibly be better objects. A number
of studies (Clark, Roberts, & Clark, 2005; Immitzer, Atzberger, & Koukal, 2012; Leckie
et al., 2005) support object based classification over pixel based classification when
dealing with canopy. We probably chose the best approach to the problem by using
object-based classification.
Further takes on the evaluation of the model could be weighing the different classes. The
threshold for classifying a sample into a certain class is currently at 50% probability.
Supplying ”weight” for each class and adjusting said threshold can favor the model to
classify edge cases one way or another. This has currently been avoided due to the
limitations of this work and no explicit dialogue with SFA regarding class importance.
One could assume that finding all natural forests is more important than avoiding
misclassifying managed forests. Alas favoring the misclassification of managed forests
over misclassification of natural forests. An implementation of this could be a cost
system where false negatives have a high cost while false positives have a lower cost,
where the goal would be to minimize the total cost, using it as an evaluation method.
A possible extension to this work could also be the usage of sample areas labeled
”object with natural values” (ONV). Currently we excluded these on both our intuition
and advice from SFA. If there is an interest in preserving ONV forests or if
inclusion/exclusion of one of the binary classes is more important, these gray areas
could be included as training data, either as a third category or as part of natural
forests/managed forests.

6.4

Implications of the study

The implications of applications based on this study could benefit the SFA economically.
More automated processes implies less need for human interaction and manual labor
and therefore expenses related to manual interaction can be reduced. Using a solution
based on our research could also reduce the reliability on 3rd party systems that could
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be expensive for the SFA. The overall mission of the SFA, and this task in particular
(to preserve natural forests), are in line with ecological protection and preservation
for sustainable growth. The social and ethical implications can be questioned since
automation in general is a replacement for existing manual labor, replacing human
workers for machines. This is a possibility for a solution based on our research,
but manual assertion could still be necessary even when an automated solution is
implemented.

7

Conclusion

This study shows that current raster data held by the SFA combined with methods of
feature extraction from specific previous studies are not enough to produce a model
with substantial strength of agreement. The best Kappa value reached was 0.32 placing
the classification at fair strenght of agreement.
Features found to be prominent were those derived from canopy height; kurtosis,
percentiles and crown areas were specifically important. While these features are in
line with properties that describe natural forests, such as high variance in height and
general structure of natural forests, it is clear that in the current form they can’t describe
it well enough.
Using higher resolution data, combined with labeled samples of larger areas could be the
key to a more accurate classification. Further possibilities are also to us satellite imagery
combined with LiDAR data, through other means of feature extraction, to acquire more
useful features.
The paper shows that there is room for more research around LiDAR data in
combination with machine learning to find natural forests. Continued research around
this topic could prove itself useful to the SFA and other forestry agencies.
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Appendices
Appendix A

Goal of the SFA and the Swedish
government

SFA has as a mission from the Swedish government to map out all forest biotopes in
Sweden until the year of 2027. Part of this mission is to implement and use a more
modern technology as well as update existing maps of natural forests. The current maps
are made locally by forest owners and have differences in accuracy and detail depending
on who performed the mapping. The need for a renewed map is therefore high and there
are several benefits of doing a renewal; (1) Planning and execution of forestry logging is
made easier. (2) Making sure natural forests that are classified as nature reserves have a
formal and proper protection. (3) Ensuring that forest areas with endangered plant and
animal species are protected properly. (Eneroth & Stål, 2018)
In the 1990s, the SFA got the first assignment to do a test inventory of particularly
valuable forest biotopes that had the potential to host rare plants and animals. The
test inventory was developed with the proper criteria in mind, and it was set out to be
done between the years 1990 and 1992. In the years 1993 to 1998, the current forest
administration agencies got a new mission to do a full scale inventory on valuable forest
biotopes with focus on the smaller forestry. During this time SFA had the responsibility
to control and educate about the mid and large size forestry. The mid and large size
forestry were responsible to make their own inventory on forest biotopes. (Eneroth &
Stål, 2018)
In 2000, a control inventory was made and it was discovered that a significant part of
the valuable forest biotopes were not picked up by the previous inventory. Between
the years 2001 and 2006 the SFA did a full scale systematic inventory of the smaller
forestry. Since 2006 no major inventory has been performed. (Eneroth & Stål, 2018)
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History of natural forests

In Sweden during the 17th and 18th century, industries such as iron production slowly
moved north due to the abundance of produced charcoal in the region. In the 19th
century, timber mining or clear-cutting was introduced. This meant that logging went
from meeting the demand of charcoal production to industrial level of extraction. It
started with selective logging and developed into clear-cut logging. One major factor in
the 19th and early 20th century was the introduction of new logging machinery. This
made clear-cutting much easier, but the machinery could only be used in areas where
it could navigate to. Uneven terrain was thus left out completely, even with selective
logging. (Aksenov & Lloyd, 1999; Linder & Östlund, 1998; Lundmark, Josefsson, &
Östlund, 2013)
Natural forests, sometimes also referred to as old grown forests, are generally forests
developed through natural regeneration from either clear-cutting or managed forestry.
Natural forests may have some influence of human activities during the regeneration
process, but the amount is negligible. Managed clear-cut forest areas will turn into
natural forests if given time to undergo natural ecological processes and regrow from
past human interaction. (de Wit et al., 2013; Jönsson et al., 2009; Linder & Östlund,
1998)
Natural forests generally display higher variation in age and size of trees as well as
larger diversity of dead wood and older trees compared to managed forests which have
a more homogeneous tree composition, age structure and other properties. These factors
were used to define natural forests, but today they are viewed as properties that greatly
improve the naturalness and wellbeing of a forest. (Aksenov & Lloyd, 1999; Siitonen,
2001)
The definition of natural forest is set by the Nordic Council (NC). The definition is
generally shared between Finland, Norway and Sweden as the respective forest agencies
collaborate with the NC to set the definition. From Sweden, the SFA is collaborating
with NC to produce the definition. (de Wit et al., 2013)
Today the amount of natural forest areas is considerably lower than it was 100 years
ago. As seen in Nations (2018) the amount of primary forest areas, also referred to as
natural forest areas, is 8.6% of the total amount of Swedish forest. This compared to an
estimated 57% in 1919. (Linder & Östlund, 1998)

CLASSIFYING NATURAL FORESTS USING LIDAR DATA

Appendix C

Feature importances for Experiment 1

Figure 6. Bar chart of feature importances for Experiment 1 (Extended version of Figure 6).
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Feature importances for Experiment 2
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Figure 6. Bar chart of feature importances for Experiment 2 (Extended version of Figure 6). Darker bars
represent features extracted from a 50 meter radius, lighter represent the 25 meter radius.
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Appendix E

GIT repository

The following link shows the code used for both Experiment 1 and Experiment 2.
https:/ / github.com/ zimonitrome/ natural-forest-classification
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