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I

Abstract

To assess and monitor the condition of a forest for research or management purposes, it
is crucial to have trustworthy information on the number of trees in a given area as well
as the spatial distribution of different tree species or even dead trees over the terrain.
Classically, these forest inventories are carried out manually by ground surveys from
which the locally sampled results are extrapolated to the entire region of interest. Recent
advances in image analysis using Fully Convolutional Neural Networks (FCNN) combined
with efficient large scale data acquisition using aircrafts render an automation of this
inventory process feasible. In this study, tree detection models trained on high-resolution
multispectral imagery are developed by testing a variety of U-Net-based architectures.
We provide a comprehensive analysis with respect to their performance on both tree
localization and tree species classification. Furthermore, different definitions of ground
truth label masks are explored and evaluated with respect to their eligibility for the given
task. [...] The best performing approach, which was developed based on the combination
of these findings, achieves an improvement in F1 Score of 9 to 14 percent.
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1 INTRODUCTION 1

1 Introduction

Note: This is the censored version of this report. Abridged content has been marked with
[...].

1.1 Motivation

In times when the whole world is entering the age of automation and machine learning, it
seems astonishing that a considerable part of forest management still depends on manual
labour. OCELL is a technology platform that strives to change this by delivering an
entirely new access to high-resolution aerial imagery and powerful analysis tools which
�nally enables data-driven process optimization in the industrial forest and farming sector.
An example for a process that can be automated entirely is the forest stock taking, which
is used to determine the overall stock volume of a forest estate. This generally takes
50 employees and more than six weeks of manual labour in the forest. The traditional
approach is based on manually counting trees and identifying their species from which
then estimations for entire regions are extrapolated based on the limited sample set of
ground measurements. Therefore, in addition to saving costs and time, geo-information
captured from high-resolution multi-spectral aerial imagery promises to yield signi�cantly
more accurate estimates of tree and species count compared to results obtained with the
traditional, manual approach. This would give forest managers or public authorities
timely access to in-depth analysis of valuable geo-information allowing them to precisely
monitor the forests' condition and optimize forest management processes.

Apart from forest stock taking, models analyzing high-resolution multispectral imagery
of forests could also be used to provide regular, automated health monitoring of the forests.
Tools like these could prove to be critical in detecting and preventing tree diseases and
infestations such as bark beetles at an early stage and therefore help to prevent big
ecological and �nancial damages.

As outlined in the previous paragraphs, applying modern image-processing techniques
to high-resolution mutlispectral imagery shows promise for a variety of applications in
forestry. To further improve the capabilities of their existing machine learning systems
for tree detection and species classi�cation, OCELL teamed up with the Data Innovation
Lab of the Technical University of Munich to form this project.

1.2 Problem Statement and Goals

The main goal of this project was to improve upon OCELL's current approach to tree
localization and species classi�cation on high-resolution multispectral imagery. On a
basic level, OCELL approaches this task as an image segmentation problem. A Fully
Convolutional Neural Network (FCNN) taking the high-resolution images as input is
trained on fully annotated segmentation maps encoding the di�erent tree species. Tree
centers and species can then be extracted from predicted segmentation maps of a trained
model.
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In corporation with OCELL, three components of the current pipeline were identi�ed
as potential points of improvement over the course of the project.[...]

The present document is structured in the following way: In Section 2, we provide a
comprehensive overview of the data sets and pre-processing steps as well as the train-
ing and evaluation pipeline. In the following sections, we then go on to describe the
methodology and present results for each of the three previously mentioned approaches.
In Section 6 we report and discuss further results concerning tree species speci�c perfor-
mance, the e�ectiveness of the chosen data augmentation and model performance on an
entirely new data set. Finally, we brie
y summarize and discuss our results in Section 7
before concluding with a brief discussion of possible future directions of work in Section 8.

2 Setup

The setup that was used in terms of the data sets, data pre-processing, data augmentation
and the training and evaluation pipeline will be described in the following.

2.1 Data Sets

OCELL provided us with two di�erent data sets, herein referred to as data set A and
B. Both of them contain orthorecti�ed aerial images acquired over di�erent regions in
Germany using a sensor module developed by the company. An orthorecti�ed image
is a geometrically corrected image in which every pixel is labeled with its real world
coordinates in a chosen coordinate system. The sensor module was mounted on an ultra
light aircraft. The key parameters for both data sets are provided in Table 1. All results
presented within the scope of Approaches 1 to 3 have been obtained on data set A. Data
set B was only used for evaluation in Section 6.2 and Section 6.3.

Images of data set A consists of 3 bands in the optical domain of the electromagnetic
spectrum (red, green, blue) and an additional band in the near-infrared (NIR) domain,
as well as a separate digital surface model (DSM) which contains height information for
every pixel, relative to the ground level.

[...] In Figure 1 some samples of both data sets are provided.
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(a) Data set A

(b) Data set B

Figure 1: Data sets: 5 samples from data set A and B, only RGB channels

Table 1: Parameters of the two data sets provided by OCELL

Dataset Bands Wavelength [ �m ] GSD [m] Width [km] Height [km]

A

Red 0.62 - 0.68 0.1 x 0.1

8.4 9.0
Green 0.52 - 0.60 0.1 x 0.1
Blue 0.45 - 0.50 0.1 x 0.1
NIR 0.75 - 0.90 0.1 x 0.1
DSM - 0.2 x 0.2

B

Red 0.62 - 0.68 0.1 x 0.1

5.6 4.6
Green 0.52 - 0.60 0.1 x 0.1
Blue 0.45 - 0.50 0.1 x 0.1
DSM - 0.36 x 0.36

An example for the DSM can be seen in Figure 2. The lower part shows the 2D
image whereas the upper part visualizes the height information encoded in each pixel as
a 3D-model. The height is color-coded ranging from green (0 m) to white to brown (33
m).
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