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Interpretable segmentation and naturalness classi�cation of forests using the Canopy
Height Model
OSCAR STÅLNACKE
Department of Mechanics and Maritime Sciences
Chalmers University of Technology

Abstract

As increasing amounts of ecological data from remote sensing is available, so does
the opportunities to utilize this data also increase. One such opportunity is to
classify the naturalness of forests automatically from data instead of using costly
�eld-surveys, in the purpose of more e�ciently managing natural ecosystems. Doing
this using AI-based methods in aninterpretable way is the topic of this thesis.
Interpretability is of utmost importance in order to improve testing and verifying
of models as well as to provide transparency and understanding to a�ected parties,
such as forestry companies.
Using the Canopy Height Model (CHM), i.e. laser-scanned height data, as single
source of data, three segmentation algorithms are evaluated on the task of creating
segments of forest from CHM-rasters. A lack of ground-truth data in the evaluation
is overcome by using human feedback as preference-based pairwise comparisons to
evaluate and optimize. A framework to collect such data has been developed in the
shape of a web application to assure convenience and e�ciency in collection of data.
Based on this data, one superior algorithm is selected and further optimized, to then
be applied in tandem with a previously developed naturalness classi�er in order to
map the naturalness of forests.
The result is a CHM�into�naturalness pipeline with a 75%naturalness classi�cation
accuracy, evaluated on a50 � 50 km area in Southern Sweden, only performing
segmentation and classi�cation on640� 640 m tiles of the CHM at a time. This
method is shown to have both big potential but also some vulnerabilities, among
them being the tile sizes, and remedies are suggested and discussed. A certain
mismatch in how the model was trained and how it is now evaluated introduces
some uncertainty to the evaluation, and possible improvements are discussed. In
summary, the thesis lays the ground-work for the topic and suggests important
aspects to iterate upon, giving a direction for future research.

Keywords: interpretable, AI, forest, segmentation, preference-based, pairwise com-
parison, naturalness, classi�cation.
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1
Introduction

Arti�cial Intelligence (AI)-based technologies together with increasing availability
of ecological data play an increasingly signi�cant role in ecological research and
there is a growing interest in applying AI-based methods to take advantage of this
data. Automatically evaluating the naturalness of forests in an interpretable way
is one such application. Doing this in an interpretable way is of major interest as
interpretability provides transparency into decisions as well as an elevated ability
of understanding and validating the AI models, compared to �black-box� models.
The knowledge of a forests naturalness is important in order to address environmen-
tal challenges, maintain biodiversity, and in order to preserve and manage natural
ecosystems (speci�cally forests in this case), among others. National authorities such
as Sweden'sSkogsstyrelsen1 and Naturvårdsverket 2 currently have methods based
on �eld surveys to asses the naturalness, where these are based on factors such as
indicator species, characteristics of forests and trees and past forest management
strategies. This requires large amounts of time and resources, and introducing au-
tomatic evaluation from data gathered through remote sensing will streamline the
process and potentially open doors for a more standardized, objective method of
measurement.
Remote sensing has become an increasingly important source of data in the context
of forest ecology and forest management [26], which presents the opportunity to
apply AI-based methods on such data, in this case to evaluate the naturalness of
forests. AI techniques have proved to be an excellent tool applied on tasks of ana-
lyzing remote sensing data [52], where a few examples are estimating forest biomass
[20], and integrating AI into drone-based applications within forestry [6].
However, the topic of interpretably assessing the naturalness of forests is not as well
explored, but recent work part of the TolkAI3 research project has created a simple
and interpretable Machine Learning (ML) approach to classify the naturalness of
forests using the Canopy Height Model (CHM) as single source of data. This model
classi�es forests based on a group of features such as the height of trees and the tree
density [27]. The goal is for this naturalness classi�er to be part of a larger pipeline
taking as input a larger area of interest (e.g. all forests of one municipality) and
giving as output a naturalness map of sorts. The missing stage of this pipeline is logic
to split an area of interest into sensible, smaller segments of forest to then pass on
to the classi�er. This can be seen as an image segmentation task, and a particularly
di�cult one at that, as the desired segmentation should provide segments of forest

1https://www.skogsstyrelsen.se/
2https://www.naturvardsverket.se/
3https://research.chalmers.se/en/project/10951
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1. Introduction

that make sense to individually evaluate the naturalness on, which is di�cult to
translate into a segmentation algorithm. Image segmentation is a typical task where
neural networks are dominant, but in order to circumvent a lack of ground-truth
data and keep the method interpretable, only classical methods such as graph-
based algorithms [14], region-growing and region-merging algorithms [21, 45] and
watershed algorithms [17, 18, 4, 3] will be considered.
The aim of this thesis can be summarized as two major points:

ˆ Evaluate and optimize image segmentation algorithms on top of the CHM to
work well with forest segmentation in mind.

ˆ Integrate the forest segmentation with the naturalness classi�er in order to
classify each segment of forest, and evaluate the entire pipeline from CHM to
naturalness map.

1.1 Overview of thesis

The rest of this report will be structured as following: Chapter 2 will cover related
work in the context of forest segmentation along with theory and background infor-
mation that is relevant for this thesis. Then Chapter 3 will cover the methodology,
wherein Section 3.1 covers adaptions/modi�cations to the segmentation algorithms,
Section 3.2 covers the way in which the segmentation was evaluated, Section 3.3
how the segmentation was optimized, and Section 3.4 covers the integration with
the naturalness evaluator. Chapter 4 will cover all results generated and discuss its
implications. The report then ends with a conclusive Chapter 5 which summarizes
the �ndings and brie�y discusses interesting future work ahead of this thesis.
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2
Background

This chapter will cover most of the relevant theory and background information
necessary in order to follow the remainder of the thesis. Section 2.1 will cover related
work speci�cally in the context of forest segmentation from a general perspective,
while Section 2.2 will cover theory with regard to the set of classical segmentation
algorithms being used in this thesis. Section 2.3 �nally covers methods of evaluation.

2.1 Related work in forest segmentation

There is a multitude of di�erent approaches to segmenting forests and the issue of
segmentation in the context of remote sensing in general. There are some meth-
ods which rely on only the CHM (Canopy Height Model), such as generating a
coarse segmentation using a mean-shift algorithm followed by re�ning the segmen-
tation with a superpixel-based region growing [50], merging triples of trees based
on their crown area and the area of the convex hull of the triple and thus building
a forest mask [13], creating Voronoi cells based on local maxima of the CHM (i.e.
approximately tree-tops) and merging cells based on certain criteria [29], and a Hi-
erarchical Watershed Transform to segment the CHM at several scales [53]. There
are also papers that present methods which use both laser-scanned height data as
well as multi-spectral image data [11, 28, 10], or using only aerial images [47, 48,
41]. More recent papers also suggest methods to e�ciently handle segmentation
of high-resolution and large raster data [9, 10], e.g. by essentially decreasing the
resolution by looking at superpixels generated by Simple Linear Iterative Clustering
(SLIC) [1] instead of the original pixel resolution [9].

2.2 Segmentation algorithms

The three segmentation algorithms that will be considered during the thesis are:
watershed by �ooding, SLIC (Simple Linear Iterative Clustering) superpixel-based
segmentation, and lastly, Felzenszwalb's graph-based segmentation algorithm. This
section will cover the theory behind these three.

2.2.1 Watershed

The watershedin the watershed algorithm is inspired by the elevated terrain which
separates water basins in nature, which is commonly called a watershed [12]. Let
us use this analogy in order to get an intuitive understanding of watershed instead

3



2. Background

of covering algorithmic details (there are many algorithms to perform watershed
segmentation, but the general idea is the same). The algorithm works by �rst
treating a (single-channel) image as a terrain map, then marking a set amount of
points in the image as �water sources�, let us call themmarkers. The algorithm then
proceeds to �ll n water basins from these sources, and each time two di�erent basins
meet, that location is considered a boundary between segments. This continues
until every pixel belongs to a water basin, and at the end this will result in an image
which has been separated inton segments. Watershed has been successfully applied
to the CHM for forest segmentation with a Hierarchical Watershed Transform [53],
and for images in general using a standard watershed followed by region merging or
region growing [4, 18].

2.2.2 SLIC

Superpixel algorithms is a popular concept and key building block in many com-
puter vision and image processing algorithms that groups pixels into meaningful and
roughly uniform regions. This can then be used instead of the pixel grid to perform
subsequent image processing tasks e�ciently on as it e�ectively reduces the com-
plexity and resolution of the image. SLIC is a version of k-means clustering modi�ed
to handle superpixel generation, and is proven to be computationally more e�cient,
consume less memory and achieve higher or equal segmentation quality compared to
other superpixel algorithms [1]. SLIC is typically applied to multi-channel images,
but with a modi�ed selection of parameters it can also be applied to single-channel
data. SLIC has previously been used for forest stand delineation and segmentation
of remote sensing data [50, 9] and has the potential to be applied to perform e�cient
and fast segmentation on high resolution data [9].

2.2.3 Felzenszwalb

Felzenszwalb's algorithm is a graph-based segmentation algorithm which is based
on the idea that nodes, in this case pixels of the raster, in the same component or
region should be similar, while pixels in di�erent regions should be dissimilar. This
is achieved by merging regions or marking boundaries based on pairwise comparisons
between regions using their internal di�erences and di�erences between regions. The
internal di�erence is based on the maximum weight of the Minimum Spanning Tree
(MST) of the region, while the di�erences between regions are based on the minimum
weights of edges between regions. This algorithm is supposed to avoid both under-
and over-segmentation. See Felzenszwalb's paper [14] for details.

2.3 Segmentation Evaluation

When evaluating segmentations of images there is a plethora of methods to con-
sider. One of the most convenient and familiar methods, especially in the context of
neural-network based segmentation, is supervised segmentation by comparing with
ground-truth segmentations. But there are many more approaches to choose from,
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2. Background

e.g. unsupervised evaluation where human-interpretable metrics are calculated, sub-
jective evaluation where humans evaluate the segmentations, or even neural-network
based evaluation methods [46]. In this case of segmenting remote sensing data, more
speci�cally segmentation of forests, there is no ground-truth reference segmentations
to compare with available for the geography being considered, and creating su�-
cient volumes of such data is unfeasible, thus leaving supervised evaluation out of the
question. This leaves some sort of unsupervised evaluation or evaluation by human
preference. There are applications of unsupervised evaluation in remote sensing, but
many of them rely upon measuring homogeneity within segments and heterogeneity
between segments [46], which is likely ill-�tted given that all segmentation meth-
ods in this thesis utilize homo- and heterogeneity conditions in one way or another.
Thus what is left is subjective evaluation. This however should not prove to be any
hindrance to the quality of the evaluation as domain expertise from Skogsstyrelsen
has been accessible.
Subjective evaluation and optimization by subjective evaluation (could also be called
human-in-the-loop evaluation) can come in several shapes. One such method is
reinforcement learning from human feedback (RLHF) [32], where human preferences
are used to provide feedback and guide reinforcement learning algorithms [7, 2, 37].
RLHF is well-suited for applications where rewards are di�cult to de�ne for complex
tasks. Most recently RLHF has been applied in the context of natural language
processing and understanding [30, 39], where more speci�cally ChatGPT, Gemini
[40], Sparrow [15] and Claude1 are trained with the help of RLHF.
A common way to gather preferences from humans is by ranking outputs, where the
most straightforward approach is to use pairwise (ork-wise) comparisons. These
kinds of (mostly pairwise) preferential methods are present in many contexts, such as
in creating a ranking from pairwise preferences [22, 19, 49], in performing Bayesian
optimization [16, 8, 5] and in optimizing algorithm parameters using either evolu-
tionary algorithms [23] or by approximating preference functions [24]. A/B testing
could also be seen as evaluation by preference if for example trying to �gure out what
layout of a website end-users prefer [51]. Making decisions by pairwise preferential
evaluation and optimization also has support by psychological research, see e.g. the
law of comparative judgement [42, 25], and has been discussed in the context of
decision theory [35, 36].

1https://www.anthropic.com/news/claude-2-1

5



2. Background

6



3
Method

The task of segmenting a forest based on the Canopy Height Model (CHM) can
be seen as an image segmentation task on a single-channel (gray-scale) image. Im-
age segmentation is a vast �eld, especially including all the neural-network based
segmentation methods. In the spirit of interpretability, but also in part because
of a lack in ground-truth segmentation data, this thesis will only consider classical
segmentation methods while also taking into account what is, and has, been used
in the context of remote sensing and the CHM. The end goal of the segmentation is
to �nd, adapt, and optimize existing methods to work well with the CHM.
Section 3.1 will initially cover further implementation details of the segmentation.
Then Section 3.2 will cover the procedure in which the segmentation was evaluated,
followed by Section 3.3 which covers the optimization of a segmentation algorithm.
Lastly Section 3.4 will cover the methodology for applying and evaluating the per-
formance of the segmentation in tandem with a naturalness evaluator.

3.1 Adapting the segmentation algorithms

Section 2.2 introduced the absolute basics of the segmentation algorithms with the
purpose of getting an intuitive understanding of them. This section will further
describe implementation speci�cs and any extra steps taken to adapt/improve the
algorithm for the speci�c case of being applied on the CHM.

3.1.1 Watershed

For this thesis, the implementation of watershed segmentation in the Python-package
scikit-image [43] was used. The parameters of importance, i.e. the only ones being
considered during this thesis, are themarkers and the compactness. The markers,
while referring to 2.2.1, control where the water sources are set, and they are most
reasonably set to the treetops of the CHM as they are local extrema of the forest.
The treetops in turn are identi�ed using a maximum-�lter with a 3x3 kernel (using
scipy's [44] implementation of a maximum �lter on images). Also, given how the
�ooding works bottom-up, the CHM raster is �rst inverted, i.e. for every pixel p
representing the tree height in the raster,p := � p, such that all trees are considered
as inverted tree-shaped basins for the segmentation. Thecompactnessparameter
controls the general shape of each segment, where higher values result in more reg-
ularly shaped basins. The output from the watershed segmentation is a label-array
with the same shape as the CHM raster, but where each pixel is given an integer

7



3. Method

label depending on which segment it belongs to. An example of the segmentation
at this stage can be seen in Figure 3.1a.

(a) (b) (c)

Figure 3.1: Example of watershed segmentation on a 500x500 meter CHM raster
using a) purely watershed segmentation with treetops as markers,b) watershed
segmentation followed by region merging based on mean tree height,c) watershed
segmentation followed by region merging and �ltering of regions below a certain
pixel area.

A common issue with watershed segmentation is over-segmentation, i.e. ending up
with abundant amounts of segments (see Figure 3.1a for an extreme example). In the
case of the method above, this is a prominent issue as there will exist approximately
one segment per treetop, which results in thousands, or even tens of thousands
of small segments, whereas the desired outcome is a handful of larger segments
encapsulating regions of forest. One way to overcome this, and the method of choice
in this thesis, is by merging regions based on similarity. There is no standard way
to measure this similarity for the CHM, but given that the CHM represents height,
and for the sake of simplicity, the similarity in mean tree height between segments
was considered. The region merging was achieved by utilizing a Region Adjacency
Graph (RAG). The RAG is built by creating one node for every unique label, i.e.
n number of nodes, where each node has some associated features such as: the
amount of pixels with that label and the mean tree height for each node/segment.
The edges of the graph are calculated as the absolute value of the di�erence of the
mean tree height between the two nodes connected by the edge. Edges only exist
between segments which are directly connected. After this, the most similar pairs of
nodes are greedily merged, i.e. the nodes connected by smallest edge always merge
�rst, until no edges with a weight below a certain threshold remains. This threshold
will in subsequent chapters be referred to asmerge_threshold. When merging two
nodes the features of the node and the weights of all connecting edges are updated
accordingly. An example of the segmentation at this stage can be seen in Figure
3.1b.
At this point, the amount of segments have drastically decreased, but there might
still be segment-�specks� throughout the raster, a noise of sorts if you will. In order
to get rid of these artifacts a third and �nal �ltering step was introduced. This
�ltering works by looping over all nodes in the RAG (equivalent to all segments in

8



3. Method

the raster), and for every node not reaching a certain condition, merge the node
with its largest neighbour. This �ltering condition was chosen arbitrarily, and the
�ltering condition was chosen as any segment not surpassing500m2, and the largest
neighbour was chosen based on segment size inm2. The watershed-based segmenta-
tion is now �nished and the �nal label-image (or label-array) is returned as the �nal
segmentation of the CHM. An example of the segmentation at this stage can be seen
in Figure 3.1c. All variable parameters a�ecting the outcome of this segmentation
is thus the compactnessand merge_threshold.

3.1.2 SLIC

For this thesis the implementation of SLIC from scikit-image [43] was used. The
parameters of importance for this implementation of the algorithm are:

ˆ compactness, which works similarly to compactness in watershed by a�ecting
the general shape of the segments. Higher values result in more uniform and
cube-shaped segments, while lower values allow for more irregular shapes.

ˆ sigma, controlling the width of the Gaussian kernel which is used in pre-
processing to smooth the raster before segmentation.

ˆ An approximate desired amount of segments in the output label array. The
desired amount of segments will not be used directly in this thesis, and instead
a variable, call it segment_mult, will be used. This variable is later used to
scale the desired amount of segments with the size of the raster. In other
words it is used to, in a raster-size-invariant way, determine an approximate
superpixel size.

An example of only SLIC segmentation can be seen in Figure 3.2a.

(a) (b)

Figure 3.2: Example of SLIC segmentation on a 500x500 meter CHM raster using
a) pure SLIC segmentation,b) SLIC segmentation followed by region merging based
on mean tree height and �ltering to remove tiny segments.

While SLIC on its own can act as a decent forest segmentation algorithm given
very careful choices of parameters, it is not ideal as it is dependent on the CHM
it is being applied on and is quite sensitive to changes in some of the parameters,
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