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ABSTRACT

The improvement in the quantification of aboveground biomass (AGB) and aboveground carbon stock
(AGQC) is highly relevant for the optimisation in forest management and conservation initiatives worldwide,
like REDD+. UAV RGB images can estimate AGB/AGC in diverse forest ecosystems. The stem diameter
or Diameter at Breast Height (DBH) is the most influential tree variable to determine AGB and AGC.

The measurement of some tree variables is more straightforward than others, but the relationship between
them can be used to estimate one of them indirectly from the other. Crown Projection Area (CPA) and
Crown Diameter (CD) have been used to estimate DBH. In the field of remote sensing, RGB images have
used these relationships to estimate DBH. The advance in UAV high resolution images has rapidly
improved, allowing more details in the interpretation of tree parameters like CPA or CD from which DBH

can be estimated.

This study focuses on the effect of DBH acquired from the relationships of DBH-CPA and DBH-CD on
the estimation of AGB/AGC. A species-specific DBH model (i.e., 6 species), as well as a General
Broadleaves and Conifers DBH model, were built from both DBH-CPA and DBH-CD relationships in a
temperate mixed forest in the Netherlands. The results of this study showed that both DBH-CPA and DBH-
CD relationships could estimate DBH from UAV with high accuracy and with no significant difference
compared to field measurements. Also, the difference between the accuracy results from both relationships

was minimal.

The general Conifers and Broadleaves DBH model validation brought similar accuracy results, but
broadleaves have a much higher residual, related with a higher crown size variation. In the case of the
species-specific models, Spruce resulted in the highest accuracy and the lowest residuals. Moreover, in all

cases, DBH-CD relationships estimated DBH with a lowest variance.

Once the DBH estimations are used to calculate AGB and AGC plot-wise, then the model has to deal with
the variation from the accumulative effects of the influence of endogenous and exogenous factors on the
crown size and hence, on the DBH estimation. Overall, the general models and species-specific models
from both relationships were proved to estimate AGB and AGC with no significant difference compared
to the biometric AGB/AGC.

A few plots presented important differences (under and overestimations), and this was proven to be highly
influenced by Beech species, due to its high crown flexibility to deform itself according to the external
conditions (plasticity). Consequently, the sensitivity limitations of Beech species-specific models (DBH-
CPA and DBH-CD) should be acknowledged.

Both relationships lead to results with no significant difference when compare against DBH field
measurements. Nevertheless, this study has found the species-specific DBH models from DBH-CD resulted
in higher accuracy and less variation (except for Beech) on estimating AGB/AGC than DBH-CPA
relationship.
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1. INTRODUCTION

The current climate change crisis is caused by the effects of global warming, which is produced by the
increment in the concentration of greenhouse gases (GHG) in the atmosphere (IPCC, 2018). Carbon
dioxide is a GHG that plants absorb from the atmosphere as part of their photosynthetic process; then,
they store this carbon in their biomass and soil. Forests contribute highly on local and global climatic
regulation (Sanderson et al., 2012) as well as in the nitrogen and hydrological cycle. They provide numerous
ecosystem services (Sanderson et al., 2012), one of them being carbon storage (Etb et al., 2018; Sedjo, 1992).
Forests contain around half of the terrestrial carbon stock (Ali et al., 2020). At the same time, deforestation
and forest degradation are estimated to be responsible for around 11% of world GHG emissions (FAO,

2018). Therefore, forests worldwide have a significant role in the mitigation of climate change.

Forests are distributed worldwide according to the climatic zone (Figure 1). The temperate forests are
located at mid-latitude regions of the planet, between the tropical and boreal forest regions. Temperate
forests ate in the northern and south hemisphere at around 25 and 55° latitude, i.e. North America,
Northeast Asia, North and West Europe, Mediterranean, New Zealand, Chile and Argentina (Lal & Lorenz,
2012). Temperate forest configuration and species is location dependent (the specific latitude, elevation,
temperature, moisture, etc.), but generally characterised by having distinctive seasons (below 0°C at the
coolest and above 10°C at the warmest) (Ali et al., 2020). They are composed of a mixture of coniferous

and broadleaved trees, which are either evergreen or deciduous (Potapov, 2009).

Compared to other forest types, the temperate forest has a simpler structure since they have few layers:
generally, an overstory and an understory (shrubs and herbaceous), and sometimes a soil-ground layer (ferns
and forbs) (Ecology Pocket Guide, 2018; WWIF, 2020). While respiration happens continuously,
photosynthetic activity does not, since it is dependent on the seasonal climatic changes; and at temperatures
below 0 C, photosynthesis cannot occur (Musselman & Fox, 1991). This means that carbon sequestration
is also not continuous in temperate forests. The majority are secondary forests since most of them grew or
were planted on an abandoned agricultural or logging area (Wilson, 1988). This forest type is also
characterised by having less diversity (Wilson, 1988) Western-European temperate forests, in particular, are
less diverse due to the Pleistocene ice age (Smith, 2020).

The temperate forest has been estimated between about 800 million ha (Ecology Pocket Guide, 2018),
covering 25% of the wotld's forest extent and holding around 16% of the global plant biomass (Motin et
al., 2019; D’Annunzio, et al., 2017). As a carbon pool, the temperate forest holds about 100 Gton (Heath
et al,, 1993), which contains 57.1 tons of Above Ground Carbon (AGC) per hectare (Heath et al., 1993). In
optimal environmental conditions, average fast-growing temperate trees can gather annually around 20
Mg/ha (Lal & Lorenz, 2012).

Even when temperate forest ecosystems ate highly valuable as carbon sinks, among others ecological
services, they are also related to important anthropogenic carbon emissions as they face several threats (Ishii
et al., 2004). The impact of human activity is marked the most within temperate region (Ishii et al., 2004).

Overtime, this forest type has been intensively harvested for wood production, and their area reduced by
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agriculture and grazing expansion (Heath et al., 1993; Ciesla, 1995). Nowadays, and especially in Europe,
this type of forest is characterised as being highly fragmented (Musselman & Fox, 1991).

In recent years, the area extension of the temperate forest is globally stable, and it has even shown a slight
increase (D’Annunzio et al., 2017; Musselman & Fox, 1991). Nevertheless, forest degradation is a problem
in temperate forest (Gilliam, 2016). Forest degradation is the reduction in the general health and the
environmental services of forests, which affects hydrological cycles, biochemical cycles and biodiversity loss
(Gilliam, 2016; Musselman & Fox, 1991). There are different factors for the degradation of these forests,
i.e. being a substitute for tree plantations, air pollution or climatic stress (FAO, 1993).

The majority of temperate forests are under a certain type of management program, frequently under a
sustainable timber yield production approach (and other commercial products) but, conservation and
recreational goals have become gradually more critical (FAO, 1993; Potapov, 2009) (Figure 1). It is estimated
that 75% of the world's industrial wood products are coming from the temperate forest (Musselman & Fox,
1991).

Climatic domains
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Figure 1. Distribution of the world's forests and grasslands on the left ( Miller, 2019) and climatic domains on the right (FAO,

2015a).

Fortunately, initiatives to protect forests have become a worldwide priority, such as the international
conservation program on Reducing Emissions from Deforestation and Forest Degradation (REDD+) set
by the conference of parties (COP) of the United Nation Framework Convention on Climate Change
(UNFCC) (IPCC, 2018). Moreover, the Sustainable Development Goal (SDG) number 15 aims to " Profect,
restore and promote sustainable use of terrestrial ecosystems, sustainably manage forests, combat desertification, and halt and
reverse land degradation and halt biodiversity loss” (United Nations, 2018).

To accomplish all international targets related to protect and improve forests it is essential to keep
developing and refining quantitative methods to monitor them and, particulatly, its carbon stocks and
carbon losses over time. With this, we could better understand the function of these types of ecosystems

and to have more information about their dynamic changes for better management decision-making.

Forests must be managed on local, national and global levels. Stakeholders need to have access to the spatial
distribution of forest variables: i.e. tree species, height (H), Basal Area (BA), Diameter at Breast Height
(DBH), Crown Diameter (CD), Canopy Projection Area (CPA), Aboveground Biomass(ABG) and
Aboveground Carbon stock (AGC).
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According to the Global Climate Observing System (GCOS, 2020), AGB is considered as an essential
ecological vatiable (ECV) to understand the planet's climate system. Still, it is complicated to measure it
along with AGC on national and local levels. The carbon stock is estimated by assuming that it is 50% of
the AGB (Hirata et al., 2012). An accurate estimation of AGB and AGC and its distribution at different
scales is essential to a truthful carbon balance. Moreover, these estimations can enable a better
understanding of the forest ecosystems and their ecological services, their role in climate change mitigation

and ultimately to help improve the certitude in climate scenarios.

Until now, there has not been direct measurement method of AGB or AGC applicable to a large area (Gibbs
et al., 2007; Lu, 20006). In this sense, the development of Remote Sensing (RS) has been a technological
milestone since it brings accurate, efficient and repetitive estimations and measurements of forest attributes
(such as biomass and carbon stock) through different sensors and methods-(Rodriguez-Veiga et al., 2017).
REDD+MRYV (Measurement Recording and Verification) have recommended some remote sensing
techniques and methods, with different characteristics, applicability, cost, and estimated accuracies (Hirata
et al., 2012). They suggest to the participant countries to apply a reasonably accurate, inexpensive operation
and practical technique for the quantification of carbon sequestration. Because of this, trustworthy ABG

and carbon stock estimates approaches and methods are of enormous societal relevance.

Optical remote sensing has been commonly applied in AGB/carbon stock mapping. Low and medium
resolution satellite optical remote sensing has been used for AGB and AGC stock. The struggle with species
discrimination and biomass variation makes the low and medium resolution not accurate to estimate AGB
(Pham et al., 2019). Contraty, high spatial resolution (HR) and very high spatial resolution (VHR) images
(below 5 m) have shown favourable results to extract biophysical variables and relate them to AGB through
allometric relationships and regression analysis (Gibbs et al., 2007; Hirata et al., 2012; 2013; Lu, 2006).
Among the disadvantages are the data occlusion and spectral variation by clouds or shadows, as well as the

high cost of acquisition and time to process (Lu, 2006; Pham et al., 2019).

1.1. Research problem

As previously mentioned, forests are important carbon pools, meaning that they are a system that collects
and releases carbon (a carbon reservoir). They can also be considered as a carbon sink if, during a given
range of time, the amount of carbon sequestered by them is higher than the amount flowing out. The carbon

stock is the amount of carbon which is held within a pool in a determined time (IPPC, 2018).

The global climatic crisis along with the threat to the forests has increased the need to research for more
accurate and accessible methods and techniques to quantify carbon while supporting the REED+ and other
wortld objectives (Hirata et al., 2012). Intending to reach zero net deforestation, all participant countries of
the United Nation Framework Convention on Climate Change (UNFCC) have to present an update report
of their carbon balance periodically, as well as compensation actions of REDD+ program. In 2020,
REDD+ compensation payments should start to be implemented along with the compensation actions in
which money from emission countries should be paid to carbon stock countries (mostly developing
countries) (FAO, 2018).

Therefore, accuracy, transparency and accessibility of the carbon quantification processes are essential to

achieve REDD+ objectives and ultimately the conservation and enhancement of forest carbon stocks. MRV
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is the mechanism to make sure that the countries who claim that they have more carbon stock than emitted

are correct.

In terms of sustainable forest management, local and global policies and management measurements are
made and applied to protect worldwide forests. Hence, monitoring of aboveground carbon (AGC) using
innovative techniques is essential for evaluating the efficiency of these policies. Remote sensing allows forest
managers and decision-makers to have access to biophysical properties information necessaty for the AGB
and AGC estimation. The variables used are mainly: Crown Projection Area (CPA), Crown Diameter (CD),
Diameter at Breast Height (DBH) and tree height (H). The process is done based on the statistical
relationship between the biophysical variables from the remote sensor compared to ground measurements
(Gibbs & Herold, 2007).

In this respect, the latest developments of UAV have opened the possibility to estimate AGB and AGC
efficiently and accurately, with economic accessibility and Spatio-temporal control on the data acquisition.
Regarding their potential pros and cons, more research needs to be done on the relationships of both CPA
and CD with DBH between species and, its subsequent influence on estimate AGB and AGC. Coniferous
and broadleaves in general as well as each species in particular, have specific canopy shape and size, which
would affect the assessment of AGB/AGC. Very high spatial resolution (e.g., 5-15cm) UAV images can
capture these differences. The effect of these differences on the assessment of AGB and AGC using very
high spatial resolution images of UAV has not been studied.

This study aims to investigate the detection of these difference between coniferous and broadleaf species
in a temperate mix forest using UAV images. We want to compare the morphology of the canopy
architecture between species and its effect on the DBH estimation and the accuracy of AGB and AGC
estimation from UAV images. This research would explore which specific species of the coniferous and
which particular species of Broadleaves has the highest correlation with DBH. Thus, how the DBH-CPA
and DBH-CD relationship affects the assessment of AGB and AGC using allometric equations that use
DBH as a single explanatory variable.

1.2.  Research Objectives

1.2.1. Main objective

The main objective is to evaluate the ability of UAV RGB images to estimate aboveground biomass (AGB)
and aboveground carbon stock (AGC) of coniferous and broadleaves tree species in general and their
specific species. This research deals with the effect of shape and size of canopy projection area (CPA) and
crown diameter (CD) on the accuracy of assessing DBH of various coniferous and broadleaves tree species.
Ultimately, it aims to contribute to the efforts to mitigate climate change.
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1.2.2,

Sub-objectives and research questions

Table 1 presents the sub-objectives and the research questions of this research.

Table 1. Sub-objectives and research questions of this research.

Sub-objectives

Research questions

1. To assess, and compate, the canopy
size and shape of tree general categories
and specific species, and its effect on the
relationship between CPA and DBH.

1.1 What is the relationship between CPA and field measure
DBH of conifers and broadleaves species in general categories

and specific species?

1.2 Which specific specie presents the highest accuracy in
assessing DBH from CPA?

2. To assess and compare the relationship
of CD (derived from CPA) and its effect
on DBH-CD relationship in both
conifers and broadleaves categories and

specific species.

2.1 What is the relationship between CD and field measure DBH
of conifers and broadleaves species in general categories and

species-specific?

2.2 Which specie presents the highest accuracy in assessing DBH
from CD?

3. To analyse the effect of both DBH
estimation models on the plots ABG and
AGC.

3.1 What is the accuracy of modelled AGB and AGC derived
from UAV images compared to field measurements?

3.2 Which plot type ( broadleaves, conifers or mixed) specie
shows higher accuracy in estimating its AGB and AGC from
species-specific DBH models?

3.3 Which DBH estimation model performed better on the AGB
and AGC estimations?

Hypothesis

1. HO: The biometric DBH and DBH estimated from DBH-CPA relationship, from UAV-RGB
images, has no significant difference.
H1: The biometric DBH and DBH estimated from DBH-CPA relationship, from UAV-RGB
images, has a significant difference.

2. HO: The biometric DBH and DBH estimated from DBH-CD relationship, from UAV-RGB
images, has no significant difference.
H1: The biometric DBH and DBH estimated from DBH-CD relationship, from UAV-RGB
images, has a significant difference.

3. HO: The estimated AGB and AGC from DBH-CPA species relationship and biometric-AGB and
AGC have no significant difference.
H1: The estimated UAV- AGB from DBH-CPA species relationship and biometric-AGB and
AGC has a significant difference.

4. HO: The estimated AGB and AGC from DBH-CD species relationship and biometric-AGB and
AGC have no significant difference.
H1: The estimated UAV- AGB and AGC from DBH-CD species relationship and biometric-
AGB and AGC have a significant difference.

"
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2. THEORETICAL BACKGROUND AND RELATION TO
PREVIOUS WORKS

This chapter will briefly clarify some concepts, and the links between them, which are essential for this
research.

21. Unmanned Aerial Vehicle and AGB

Unmanned Aerial Vehicles (UAV), or remotely piloted aircraft systems, is a type of lightweight aircraft that
can fly without an onboard pilot. Instead, they are remotely piloted from a ground control station. The
aircraft can be a fixed-wing or rotary-wing. The rotary-wing needs a small take-off and landing area. The
system is composed of GPS and an inertial measurement unit (IMU) and, the camera or sensor for the
image capturing (Torresan & Wallace, 2016). Initially built for military proposes, UAV have expanded their
uses and applications. Since it can give high spatial resolution images with good quality and at a low-cost, it
offers a high potential for UAV applications in earth observation as a remote sensing tool. It has been
increasingly used in recent years in forestry and agricultural monitoring, as well as for supporting quick

responses to natural disasters (Giri et al., 2011).

With the photogrammetry and the computer vision methods applied on Structure from Motion (SfM),
RGB-UAYV can almost automatically create a 3D point cloud model from a set of 2D ovetlapping images
(Kachamba et al., 2016). The 3D model is built by identifying matching points on the consecutive
overlapped images and allowing it to recognise and refine the objects structured in the image according to
the camera movement (Figure 2). The more matching points, the denser the point cloud - hence the finer
the object details. Bundle adjustment is also an important part of the process since it estimates the location
of the object in the image (image calibration), as well as the camera position and this, is done by taking the
GCP as reference (Nex & Remondino 2014). Then, the Check Points (CP) are used to assess the accuracy
of the absolute orientation (Nex & Remondino, 2014).

a b

W
.

Feature of
interest

Figure 2. Example of a 3D reconstruction with structure from motion (SfM).(a) SIM uses multiple overlapping stereo pair images taken
Sfrom different angles (Westoby et al., 2012). (b) 1t uses that information as input to recreate the feature of interest as a 3D point clond
scene. The image is from Frey et al. (2018) research, the higher the overlapping percentage of the image, the more tie points hence, the denser
the point cloud and more detail can be appreciated.
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An advantage of UAV with SfM is that they can deliver spectral data complementary to the point cloud
(Fritz et al., 2013). The 3D point cloud can be derived in a high-resolution orthophoto as well with the
terrain and digital surface model (DTM and DSM). The digital surface model (DSM) include those points
cover the surface of the objects, i.e. tree canopy. The digital terrain model (DTM) represents the topography
of the terrain without any objects or features (it is produced based on the pixels classified as ground pixels)
(Figure 8). An orthophoto is a geometrically corrected (ortho-rectified) aerial photograph; the 3D image
gets into an orthogonal cartographic projection. The orthophoto has a uniform scale along the pixels;
without projection distortions, making possible to get the real position and size of the objects in the scene
(it is made from the DSM, not DTM) (Kraus, 2007).

This way, tree structure parameters can be efficiently acquired on a lower cost and faster processing of
intense data collection, compared to other alternatives (Dittmann et al. 2017; Kachamba et al., 2016). UAV
has proved to acquire an assessment of AGB and carbon stock efficiently, and forest data collection in
general at a relatively low cost (Otero et al., 2018; Torresan & Wallace, 2016). UAV images, with
photogrammetric and SfM, have reported promising results, comparable with ground measurements and
LiDAR measurements for AGB and AGC stock estimation in different forest types (i.e. Alonzo, et al., 2018;
Jayathunga, et al., 2018; Kachamba et al., 2016; Messinger, et al., 2010).

Another significant advantage is that the image acquisition can be space and time planned according to the
objectives and to minimise weather conditions that could affect the data quality (Messinger et al., 20106).
The UAV is capable of recreating orthoimages with such a resolution that tree canopy textures can be
appreciated and make species recognition much more straightforward. The data is relatively easy to acquire
and to process in comparison to other remotely sensed data, but it is also easier to do so with high frequency
allowing, for example, seasonal changes analysis (Alonzo et al., 2018; Lisein et al., 2015). The combination
of structure ( 3D- point cloud, DSM and DTM ) and colour information allow a wide range of research and
practical applications in different fields (Alonzo et al., 2018). When compared with LIDAR 3D point cloud,
UAYV SfM creates a greater point density giving a higher detail level on forest structure on the DSM (Alonzo
et al., 2018; Dandois & Ellis, 2013).

Apart from the climatic conditions (i.e. wind, rain, clouds), the quality of the UAV outputs depends: on the
images overlapping percentage, the amount and distribution of the ground control points (for the bundle
block adjustment process), focal length and flight altitude, camera sensor characteristics, flight pattern and
speed (to minimise motion blur) (Nasrullah, 2016).

Some of the UAV disadvantages is that it can cover a limited area extension: their altitude and time flight
depends on the battery power and legal regulations, such as the UAV should be visible to the pilot at all
times during the flight. Legal rules and restrictions can also vary between countries and between land-use
types. When talking about the 3D point-cloud, another disadvantage compared with LiDAR is the SfM is
limited to visible crown surfaces from a bird-eye view, and more sensitive to shadow and light environment
(Alonzo et al., 2018). Also, SfM has less penetration capability than LIDAR; thus, as we will explain further
on this document, contrary to the DSM from UAV-SfM, the DTM accuracy tends to decrease when canopy
density is high.

13
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2.2.  Temperate forest in the Netherlands

About 10% of the Netherlands area is covered with forests. Still, the human influence along history has
made them fragmented, with forest patches of frequently less than 5ha (van der Maatek-Theunissen &
Schuck, 2013). Most of the forested area in the Netherlands has a plantation origin with wood production
as a principal objective (FAO, 2010). Most of the times, these forests are composed of various sections of

a single or two species trees even-aged and even-spaced.

Nowadays, the management has evolved into a multi-purpose forest (i.e. recreation, nature conservation
and wood production). According to The Netherlands 2015 Country report for the Global Forest Resource
Assessment (FAO, 2015b), by the year 2000, 74% of the forests area of the country was multi-purpose
forest. The primary management of the 24% of Netherlands forests area is focused on nature conservation,
denominated "Bos accent natuur”. As part of their management, wood in this areas is harvested only during
a specific period and mainly exotic species to propitiate a forest with just natural species. The rest of the

forest cover are productive plantations.

The ownership of the forest is split by the state and private, with 50% each (van der Maatek-Theunissen &
Schuck, 2013). Although it is not compulsory, 62% of the forests in the country have a management plan.
There are different types of protected areas according to their conservation level and legal status: National
Parks, National Landscapes, National Ecological Network (EHS), Natura 2000, Nature Monuments and
Forest Reserves (FAO, 2015b; FAO, 2010).

In terms of species distribution, 57% of the national forest extension are coniferous and 43% broadleaves.
Half of the national forest area consists of a single species, 31% of which are conifers, and 21% are
broadleaves (van der Maatek-Theunissen & Schuck, 2013). Dominating species within the country are Scot
Pine (Pinus sylvestris) and Oak (Quercus robur and Quercus petraea). Other main coniferous species are Douglas
fir, Larch and Norway Spruce, along with Beech and Birch among the broadleaves (FAO, 2015b; van der Maatek-
Theunissen & Schuck, 2013).

2.3. Conifers and broadleaves characteristics

According to trees physiology and structural properties, there is a significant tree categorisation on
broadleaves and coniferous. While both species groups usually grow even in the same places, each has
several distinguishing features.

Conifers, or Gymnosperame, are characterised by their conical crown shape of many overlapping levels of
branches with a dense needle or scale shape leaves on a spiral arrangement (Walker & Kenkel, 2000). They
have an excurrent branching, meaning that the stem is the thickest at its lowest and slimmest at its highest
mend (Pretzsch, 2014). They tend to have a smaller crown diameter than broadleaves since their canopy
gets more compact, denser and pointed as they mature; and they grow skyward and triangular rather than

outward (Figure 3).

The leaves of conifers are regulatly replaced, giving them evergreen foliage all year (with the exception for
Larch). They are characterised as a cone-on-cone since they produce their seeds inside cones (with shapes
of short, cylindrical or egg-shaped) that release the seeds when it scales opens (Walker & Kenkel, 2000).
They are called softwood forest because of their less dense fibre in comparison to broadleaf. Their wood is

widely used in the production of timber and paper (Samanthi, 2011).
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Their canopy architecture (conical anechoic or without echo) make the solar energy to scatter inside the
canopy by several rebounds, so the leaves intercept and absorb the radiant energy (Walker & Kenkel, 2000).
Their energy capture strategy makes them more shadow tolerant, gives them lower near-infrared radiance
and allows them to continue photosynthesis activity during low sunshine availability (Walker & Kenkel,
2000). They tend to have a darker green colour and, in warmer and sunnier places, their leaves display more

yellow-green tones.

Conifers can be adapted to different environmental conditions, and they ate also found more commonly in
colder weather compared to broadleaves (Walker & Kenkel, 2000). Their conical canopy makes them more
wind adapted and helps them to remove the weight of the snow from accumulation. Some of the species
also have resins in their sap as antifreeze protection, to diminish water loss and protect them from
pest(Offwell Woodland & Wildlife Trust, 2000; Ciesla, 1995).

Broadleaves trees, also known as Angiospermae or hardwoods, have leaves in a wide variety of shapes and
sizes with a tendency to be flat (but never needle-like). These big horizontal leaves create laminar canopies
which aim to directly capture as much radiant energy as possible during the few months that the broadleaves
have leaves, making them more efficient and with higher photosynthesis activity - hence why it is said that
they work like ”’solar panels” (Walker & Kenkel, 2000). In their eatly years, their buds tend to grow with
‘apical dominance’ where the main stem is strongly dominant over the side branches (Loreti & Pisani, 1990).
Since they try to absorb as much sunlight as possible, broadleaves canopy tend to grow spreading outward
on a roundish shape, so they tend to have deliquescent branching — meaning branches grow outward,
spreading in different directions with lateral buds (Figure 3) (Pretzsch, 2014). However, as the canopy
density increases, they can adapt their growth to any direction where they have space availability (Blanchard
et al,, 2010).

At the same time, their leaves and canopy shape make them less capable of overcoming windy and winter
weather. By losing their leaves, typically by the end of their growing season, they can adapt to these
challenging or stress conditions. Therefore, most of the broadleaves shed their leaves during autumn (so-
called deciduous) and grow new ones in spring. But there are also evergreen broadleaves(Loreti & Pisani,

1990).

Differently from conifers, broadleaves do not necessarily have a common way to produce seeds (Offwell
Woodland & Wildlife Trust, 2000). Most deciduous broadleaves have flowers, and they tend to blossom
before the leaves re-grow to become easier to spot by insect and to improve the pollen spread by wind
(Ciesla, 2002). Generally, a broadleaf temperate forest can be found in between the coniferous forest and
tropical forest. Their wood is of high economic value (Offwell Woodland & Wildlife Trust, 2000).

Excurrent

Figure 3. Typical exccurrent and decurrent canopy shapes (Loreti & Pisani, 1990).
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24.  AGB and allometric relationships

Tree biomass is defined as the total biological matter within a unit area. Normally it is considered just the
weight of dry matter, and the units used are usually tons per hectare (Ton/Ha) (Hirata et al., 2012). The
amount of carbon that is into that biomass varies between species but as an acceptable standard is 50% of
the biomass (Hirata et al., 2012). The carbon storage is often subdivided into below-ground biomass, BGB
(the root system and, sometimes also considers the carbon in the soil and dead wood parts) and above
ground biomass — AGB - consists of the leaves, branches, stem, and bark (Gibbs et al., 2007; Gschwantner
et al., 2009) (Figure 4).
a b

stem @

below-ground part @ © above-ground part below-ground part @

Figure 4. Tree elements. (a) Aboveground and belowgronnd distinction. (b) Elements that constitute aboveground part of a tree into
Joliage, branches and stem (Gschwantner et al., 2009).

An almost completely reliable measurement of any forest biomass (besides the instrument error) would be
to cut every tree, dry all the sections and then weigh them. This is called destructive method or direct
method since it is necessary to sacrifice the trees to get the data. It is expensive, time-consuming and
unpractical for conservation proposes (Bouillon et al., 2008; Dittmann et al., 2017; Sinha et al., 2015). On
the other hand, any time of extensive field data collection is costly, time-consuming and some field location

can be just inaccessible (Jayathunga et al., 2018; Puliti et al., 2017).

The non-destructive, indirect methods are then estimations methods, and as Dittmann et al., (2017) said:
"tree mass estimation procedures are alhways a trade-off between accuracy and efficiency”. Usually, these methods are based
on mathematical relationships among the biomass (as the independent variable) and one of the forest
biometric variables that ate easier to measure (independent variable) (Sousa et al., 2017). The monitoring
and change of forest biomass are estimated by a regression model through an allometric relationship based
on forest biometric parameters such as DBH ( Lu, 20006). In recent years, optical remote sensing has evolved
and improved on the estimation of forest biometric parameters; meanwhile, scientists have built an

extensive inventory of allometric equations for more and more species.

Optical remote sensors, also called passive sensors, register the optical reflectance of what is on the earth
surface (Sousa et al., 2017). Optical remote sensing methods have focused on estimating structure
parameters of an individual tree or a plot area and, use these estimations as input to calculate AGB through
allometric equations. The result can be assessed against field measurements as truth. (Lu, 2006, Gibbs et al.,
2007). As the possibilities of image resolution get better, the current high spatial resolution allows species
recognition as well as the possibilities of better individual crown identification and delimitation (Sousa et
al,, 2017). In this sense, AGB estimations from UAV remote sensing offers the possibility to acquire AGB
data from a large area repetitively and to process large amounts of databases on the relationships between
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the spectral bands and vegetation parameters. They are categorised as partially field-independent since the
process is then validated from in-situ non-destructive measurements.

The term allometry in biology refers to the scaling relationship of the size of morphological characteristics
of a leaving organism with each other and/or body size of the creature. These give an idea of the growth
differentials of the particular creature and the impact of this relationship on ecology and evolution
(Pretzsch,2010). By allometric equation, the AGB of each tree of every plot can be calculated indirectly

when some of their biophysical parameters are known (Pham et al., 2019).

AGB can vary according to the age, species and even location (Ketterings et al., 2001). Researchers have
developed many allometric equations throughout the years, regarding most of the tree species or family
species, for the non- destructive estimation of AGB. All these equations consist of regression coefficients
(which can differ among sites and species) with DBH alone or with height as biometric parameters that
must be introduced by the user. It is also worth mentioning that AGB can also be derived from tree volume
allometric equations by multiplying their value with the wood density. As an example, Zianis et al. (2005)

made a robust recompilation of biomass and volume allometric equations for tree species in Europe.

There are many AGB allometric equations, even for the same species. In all of them, the DBH is always the
most influential variable, which commonly is expressed as Equation 1. Even when height can increase the
accuracy, it can also increase the variation as an error. Therefore, it is acceptable to use DBH as the only
explanatory variable for the accurate AGB estimation (Ketterings et al., 2001; Magnussen & Reed, 2015;
Picard, 2012; Zianis et al., 2005). The allometric equations used for this research are developed from data
collected close to the study area and with a good accuracy reported( Zianis et al., 2005, Novak et al., 2011;
Suchomel et al., 2012;)

AGB = aDBH" (Equation 1)

Where @ and b are constant value calibrated for a specific specie or group of species.

By having important forest parameters, either by direct measure (such as fieldwork or from forest
inventories) or estimated from remote sensors, AGB allometric equations are generally used to estimate the
AGB of each tree and then, summing all the tree biomass [kg] within the plot area, commonly expressed in
tons/ha. Later, with an extrapolation method for its application on a larger scale (which there are several
and beyond the boundaries of the focus on this research) is possible to map the AGB And AGC of an

entire forest area (Sousa et al., 2017).

As already mentioned, Above Ground Carbon stock (AGC) refers to the amount of carbon contained in a
carbon pool area, so it is expressed in mass per area units, generally ton/ha. It is generally accepted that
50% of AGB is carbon storage (Hirata et al., 2012).

2.5. Overview of crown structure

The tree branches and foliage constitute what is known as the crown (Gschwantner et al., 2009). The trees
crown structure determines the characteristics of a forest canopy. As it shows in Figure 3, temperate conifers
and broadleaves have an excurrent and decurrent canopy shape, respectively, because of the expansion rate
of their leaves, bounds and branches. Loehle, (2016) and Pallardy, (2010) explained that the terminal leader,

which is the vertical steam from the ground to the highest point, in the case of conifers has a continuous
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growth getting longer (higher) than the branches aside and below it and fomenting the conical shape.
Contrary, angiosperm like Oaks, Maples, including Beech and Birch species, their lateral branches grow as
much, or even faster, than the terminal leader producing a broader crown. But also, the rebranching growth
pattern makes the main stem of the crown lost its identity (Loreti & Pisani, 1990; RES, 2015).

Crown characteristics tend to be different between coniferous and broadleaves, and even among species
(endogenous). However, the organism’s response and adaptations to environmental influences also play an
important role; hence the crown shape is also an indicator of a trees’ ecological success (Paganova et al.,
2015). The photosynthetic capacity and tree growth are determined by the crown structure, mainly because
the sunlight access competition happens on the foliage level (Utia-Diez & Pommerening, 2017). In theory,
the more sunlight access, the better. As the canopy gets denser, and to avoid the competitive pressure
between the neighbouring trees to get as much sunlight access as possible, the tree responds with crown
plasticity (Seidel et al., 2011).

Competition for Trees react to

* light ‘//v changes of life
* water conditions.
* nutrients

Trees fill spatial
niches, a process
which is reflected
by their growth
geometry.

Figure 5. Graphic representation of the available tree growing space and external interactions. The location of neighbonring trees is
symbolized by the red dots (A. Pommerening, 2007).

The crown plasticity is an adaptability response that some species possess, in different levels, to shift their
crowns further from competition direction to improve the light interception chances and, avoid too much
shade (Vincent & Hatja, 2008) (Figure 5). Tree architecture depends on the processes of endogenous growth
and exogenous environmental constraints. Endogenous and exogenous factors determine crown
architecture. Trees in the shadow or less dominance advantage, tend to grow taller, narrower and, with few
branches, sometimes just at the very top of the tree (Figure 6) In forestry science, one competition indicator
is the roundness or asymmetry of the canopy shape. The more symmetry in a tree CPA shape, the less
competition it is struggling with (Kikuzawa & Umeki, 1996; Seidel et al., 2011).

On the other hand, a tree with no neighbours is a tree with no competition, and this develops the highest
individual stability, called an ‘ open-grown tree’ . These trees will develop a full crown shape and wide open
branches; hence it maximises the amount of light access (Pommerening, 2015). Urban trees or plantation
trees with high space divisions are examples of open-grown-trees. Their crown structure has a bigger length,
as it has lower branches, but they are also less tall than average forest-grown trees (Loreti & Pisani, 1990;
Pommerening, 2015). When there is an open-grown-tree allows the full crown morphology of a tree species
as more spreading, oval, weeping, umbrella, spherical, columnar, conical, etc. (Lenard, 2008).

In mixed European forests, depending on the light demands and shade tolerance of a tree species and their
competition status, the crown will develop above the main canopy or under (often called dominant or

suppressed) or at the height of the main canopy with more or less lateral competition (called co-dominant
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ot sub-dominant)(Pommerening, 2015). According to the literature, it seems like conifers tend to have less
plasticity and among the reasons for this is because they seem to be better adapted to wind damage and
shade tolerance (Lochle, 2016). Hence they have less necessity to move than broadleaves.

Depending on the mixed-species characteristics, plasticity also allows space optimization and a competition
decrease (Pommerening, 2015). Pretzsch (2014), has reported that mixing species of different crown
structures, such as broadleaves and conifers, besides of creating selection pressure, optimises the space as
their tree architecture allows higher tree density, ampler light interception area and productivity (Figure 6).
Nevertheless, this could mean that from the bird-eye perspective and the following optical image, the

crowns would be seen as blocked.

Moreover, Pretzsch (2014), also found that on Beech trees the allometric relationships between crown
projection area (CPA) and Diameter at Breast Height (DBH) with the even-age stands, the relationship
changes according to the species that is combined with.

From all above-mentioned, even in the same species, there is not an only canopy structure ( at the crown

and stand-level) and estimation of the crown shape it is a complex task (Disney et al., 2010).

a b

Figure 6. Tree crown shapes differences in density circumstances. (a) Morphology contrast of an open ground tree and a forest tree using
scots Pine as an excample (Pommerening, 2015). (b)Example of the crown of a Beech tree with more and less space competition (Pretzsch,
2014). (c) representation of the tree crowns shapes in a dense mix: forest (Lenard, 2008). (d) general representation of space-filling of
contfers and broadleaves crowns in different density circumstances (Pretzsch, 2014).
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2.5.1. Forest structure variables

There are several forest stand variables (Figure 7), i.e., DBH, height, crown area or crown diameter, they
can be either directly measured or derived from another variable. To estimate AGB and AGC, the most
important ones are:
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Figure 7. Tree structure variables (Wanga & Lindenbergha, 2018).

2.51.1. Diameter at Breast Height (DBH)

The DBH is the longitude of the cross-sectional line of the tree trunk measured at 1.3m from the ground
(the base point) and is measured in centimetres (Gschwantner et al., 2009). Among other applications,
constitutes an essential variable for AGB and AGC estimation. It is one of the few tree parameters that can
be directly and easily measured in the field. At the same time, when using remote sensing, the DBH must
be predicted since it cannot be directly extracted from the RS data such as 3D point clouds (Weng & Wang,
2013). However, DBH value can be estimated base from the direct relationship of DBH-CPA (Brown,
2002; Lisein et al., 2013) and DBH-CD (Panagiotidis et al., 2017). It is worth mentioning that, for most of

the time, these DBH estimations models are built-in general for all species in the study area.

251.2. Crown Projection Area (CPA)

Viewed from an above horizontal plane sight( bird-eye view), the vertical projection of the canopy area of
a tree is known as Canopy Projection Area (CPA). CPA is the area that covers the crown of a tree and
whose boundaries can be identified on an image and is a variable not practical to measure from the ground
for it is time-consuming (Gschwantner et al., 2009). It is considered as a multi-purpose variable in ecology,

for example, result in an essential biometric parameter since it is strongly related to DBH (Shimano, 1997).

To define individual horizontal CPA, the higher the resolution, the better CPA delineation. In this sense,
VHR is an advantage for accurate CPA. The CPA is relatively easy to acquire from the UAV orthophoto
by manually digitising on-screen each of the canopies or automatically segmenting by several techniques (we
did not use segmentation on this research). The relationship between DHB-CPA has been popularly used
for the DBH estimation (i.e. Brown, 2002; Lisein et al., 2013; Shimano, 1997). It is worth mentioning that
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in the process of acquired CPA shape boundaries, what we are measuring is the horizontal 2D CPA from
the orthophoto.

2.51.3. Crown diameter (CD)

As its name implies, the Crown diameter (CD) is the diameter of the tree canopy and measured in meters.
When measured in the ground, the CD is the average from two perpendicular axis measurements of crown
width, usually in N-S and W-E direction; this is to get a more accurate measurement of the crown shape.
Measuring the CD from the ground is a time-consuming task and impractical (i.e. could be an ambiguous
measurement that relies on the person’s experience). Therefore, the CD is often not considered in the forest
inventories(Gering & May, 1995).

By assuming a round shape canopy, the CD can be derived from the CPA extracted from optical images
(Equation 3) (Bauhus et al., 2017). Previous research has proved that there is a strong relationship between
DBH and CD across forest types and have used this relationship to model and estimate DBH from CD
(i.e., Panagiotidis et al., 2017; Song et al., 2010; Gering & May, 1995).

CPA [m?] = m = Radious? (Equation 2)
. CPA :

Radious = — (Equation 3)

CD =12 % (Equation 4)

2.51.4. Tree height

Tree height is considered from the ground to the highest point of the tree crown. (Figure 7). The SfIM
process gives as an output the DSM and DTM from where the tree height can be estimated. The Digital
Surface Model (DSM) is the representation of all the objects above the ground - trees in this case( Figure
8). On contrast, the Digital Terrain Model or Digital Elevation Model (DTM or DEM) is the digital
representation of the topography of the terrain without any objects or features, meaning that DTM is made
by an interpolation of the points from the point cloud classified as ground (Nex & Remondino, 2014).

S

Figure 8. The Distinction between digital surface model (DSM), digital terrain model (DTM)
and canopy height model (CHM) (Perko et al., 2010).

The tree height can be estimated from Canopy Height Model (CHM) by subtracting the tallest point of the
DSM within the canopy area from the DTM (Lisein et al., 2013) (Figure 8). The quality of the DTM, DSM
and their subsequently CHM, depends on the point cloud density, which also depends on the forest density.
As the canopy gets denser and, spaces between canopies get reduced, this impedes the creation of ground
points on the 3D point cloud. Low density on the grounds points makes the interpolation less accurate
when building the DTM. This is why the DTM from UAV tend to have worse resolution than the DSM,
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even when both are created from the same point cloud. Moreover, and for the same reasons, sometimes
points can be wrongly classified as ground points. Therefore, UAV tree height is often underused since its
accuracy is highly dependent on the quality of the DTM, which likewise decreases as the canopy get closer
(Huang et al., 2019).

Depending on the forest type and conditions, researches have reported a tree height accuracy at the most
around R2= 0.70 (Goodbody et al., 2017; Panagiotidis et al., 2017), higher accuracy is possible in agriculture
or on young trees forest plantation where canopy density is not a problem (Zarco-Tejada et al., 2014a). In
general, research has proved that RGB-UAV it is not a good option in the dense canopy (Lizuka et al.,
2017). The season in which the UAV flight take place has also been proved to affect the DSM and DTM
quality (Dempewolf et al.,2017). Alonzo et al., (2018) concludes that a sufficient and spatially distributed
amount of gaps among canopies are needed to get enough terrain points at the point cloud and hence a

good DTM quality and tree height estimations.

Tree height from UAV is an inferential measurement and not as accurate as LiDAR, which is a
measurement. Also, LIDAR can acquire more ground points in closer canopy than UAV. That is why
LiDAR is often considered as the most accurate sensor assessing tree height (Salach et al., 2018). LIDAR
ALS and TLS generate a denser and more accurate DTM from its point cloud and its independent from
vegetation density and height (Fritz et al., 2013; Salach et al., 2018). For all the above mentioned, most
frequently, the UAV DSM is used in combination with LIDAR DTM (Jayathunga et al., 2018; Lisein et al.,
2013). Nevertheless, the LIDAR technology cost makes them less suitable for REED+ proposes.

Originally, it was thought to use D'TM and DSM from the UAV images and use the tree height estimation
as a complementary variable for the AGB and AGC calculations. But, since we are dealing with plots of
different canopy densities, the tree height estimations were not always good. There have been numerous
research works around the tree height estimation from UAV and possibilities to improve them (i.e. Alonzo
et al., 2018; Salach et al., 2018). Since the tree height is not the main focus of this research, it was decided
not to be considered for the AGB and AGC estimation.
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3. MATERIALS AND METHODS

31.  Study area

Haagse Bos covers a total of 334 ha (Tenaw, 2011). It is located in Overijssel province of The Netherlands,
7km from the city of Enschede and 4km from Looser city (Figure 9). The whole forest area was borne as a
private conifers timber production area in the 1890's as most of the current forest in The Netherlands
(Kloek, 2014). Since then, the management of Haagse Bos has evolved into a multi-purpose forest: nature
conservation and recreation proposes (Natuurmonumenten, 2020). The ownership and management of the
forest are by Natuurmonumentent and a private company, , called Takkenkamp (Natuurmonumenten,
2020). Selective thinning activities remain on some private ownership sections; these are around every six
years and proportional to the rates of re-growth within the area. The management of the
Natuurmonumentent section consists of natural regeneration without any human intervention (Tenaw,
2011). For this study, we focused on a 57ha section of the forest, which covers the Natuurmonumentent

area (mostly broadleaves) and just a small private section which has mostly conifers trees.

Study area: Haagse Bos, The Netherlands
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Figure 9. Location of the study area: Haagse Bos. Images sources: InfoGISMAP (2020) and Google Earth (2019).

3.1.1.  Tree species

Nowadays, the forest is considered as a mixed temperate forest with native and exotic conifers and broadleaf
species. As in other forests in the Netherlands, efforts have been made for the re-establishment of original
species to protect wildlife habitat. Species dominance is changing. Most frequent species are Scots Pine
(Pinus Sylvestris) and Oak (Quercus robur). Other documented species are among the Conifers: Norway Spruce

(Picea abies), Douglas fir (Psendotsuga menziesii), Bastern hemlock (Tsuga Canadensis) and Buropean Larch (Larix
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decidna, Larix kaempferi). Broadleaves species are European Beech (Fagus sylvatica), Birch (Betula species) and
Alder (Alnus incara).

A previous study in Haagse Bos Natuurmonumenten and private area (Primasatya et al., 2016) has reported
on the distribution of species in the forest were Spruce (37.5%), Pine (21.8%), Oak (11.7%) and Beech
(23%) are the most frequent species.

3.2. Research Materials

The following materials were used in this research work. They were subdivided as data, field equipment
and software packages. The data for this research was collected on-field utilising the equipment and later
processed and analysed with several software types.

3.21. Data

Table 2 presents the data used in this research as well as the purpose of using each of them.

Table 2. Data required for this research.

Data Objective
Tree locations and To analyse and build the DBH models on a tree
characteristics base according to each specie.
Ground truth DBH To calculate the sample plots AGB and validate
(Biometric DBH) the AGB estimations.

Centre plot location

To build the AGB and AGC models on a plot-
level.

GCPs and CPs

To perform internal and external accuracy of
the SfM process. These were given as
secondary data from ITC-University of Twente.

Flight images set

To be used as input for the SfM process.

SfM generated the
point cloud

To build the DSM, DTM and orthophoto.

DSM, DTM and CHM

To estimate the tree height.

Orthophoto

To extract the CPA and CD to model the
DBH.

DBH estimations

To estimate AGB (through allometric
equations).

3.2.2. Field equipment

Table 3 listed the fieldwork equipment used in this research and their functions.

Table 3. Fieldwork equipment and functions nsed in this research.

Fieldwork equipment

Objective

Measuring tape (50m)

To define the boundaries of the sample plots.

Diameter tape (5m)

To measure the tree DBH.

GARMIN GPS

To get the centre plot and trees location.

Field datasheet and pencil

To record the data (Appendix A).

Cellphone with Avenza App
and the orthophoto

To record the data (Avenza Systems, 2020).
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3.2.3.  Software

Table 4 describes the software packages required and used in this research work. It shows the objectives

of using each one of the software packages.

Table 4. Software required for this research.

Software Objective
Retrieved CHM, visualise the data, produce the
Arc GIS- Arc Map 106 AGB/Carbon stock map.

Pix4D software

Photogrammetry processing: 3D point cloud,
orthophoto building, DTM, DSM.

Pix4Dcapture app & DJI GO app

To program and operate the flight of UAV

Avenza mobile app

Display the orthophoto and an approximation of
the user location, store the tree location manually
assigned.

Mendeley Desktop

To manage the references used

Draw.io

To draw the flowchart and the conceptual map

Microsoft excel

To perform the data analysis and plots layout

Real Statistics Excel software

To perform the statistical analysis (Zaiontz C.,
2020)

Microsoft word

To write the thesis report

Microsoft PowerPoint

To build the project presentation
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3.3. Research Methods

3.3.1.  Study design

This research comprises three main phases. Figure 10 shows the flowchart of the method followed. The
first part was the UAV and ground data collection and retrieving the UAV secondary data. The second
phase was the processing of the data by treating the UAV collection of images into the SfM outputs
(Orthophoto, DSM and DTM). As part of the processing, field data was convert into a digital format and
CPA of every tree was manually digitised. The third part was the analysis of both the UAV and ground

information.

The structure of this research consists of plot-level and tree base processes. To respond the research
questions and sub-objectives, the third part is subdivided: starting with the creation of the DBH estimation
model, this was done based on individual trees according to their species or species category (broadleaves
and conifers) and followed by a validation process. Lastly, the modelled DBH was used to estimate the plot-

level AGB/AGC and an accuracy assessment.
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Figure 10. Flowchart of the methods used in this research work.
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3.3.2.  Data collection

3.3.21. Sampling design

To accomplish the research objectives, the data collected from the field was done in two parallel phases: on
a tree base and a plot-level. Since the research objectives are related to comparisons between species, a
representative number of trees per species, as well as number plots with species variation was intended.
Purposive sampling was applied due to the limitations in accessibility, time and variation in the forest
structure (due to its current or previous management). Nevertheless, purposive sampling is a non-
probability sampling since it does not involve random selection of the sampling plots. Still, proper
distribution of sample plots was aimed to get a good representation of the forest condition in the study area.
In total, 39 plots were collected, and an additional 33 individual trees were measured. These individual
sampled trees were collected close to the plots, to be as efficient as possible to ensure to have enough tree

measurements per species for the following data analysis ( Figure 11).

0 150 300 m

Figure 11. Map of the plots and trees sampled within the study area.

3.3.2.2. Ground truth data collection

The ground truth (biometric) measurements were performed from April 215t to 9th May 2020. Table 2 shows
alist of equipment used to collect the data on the field. Every ground data was recorded on a field datasheet.
Appendix A shows the table sheet of fieldwork data collection.

The measurements to acquire the individual tree data, as well as the plot-level, were done at the same time.
Most of the tree base data were taken from trees within the plots but, some extra individual trees were
measured to ensure a sufficient number of sampled trees per species. The biophysical parameters measured
for each tree were: DBH, height, species type, distance and bearing to the plot centre, as well as the
coordinates of the centre of the plot and individual tree. Just trees with a DBH equal or higher than 10cm
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were measured since they significantly contribute to AGB (Gibbs et al., 2007). In the case of multi-stem
trees, if the dividing point of the stems less than 130 cm from the ground, then each stem considered as an
individual tree. According to Chave et al. (2005) and Clough et al. (1997), the DBH was measured at 1.3 m
from the ground, since the measurement must be from the stem base (Otero et al., 2018).

In other to make sure to get the most accurate coordinates of the centre of the plots and each tree location,
these were recorded using GPS as well as manually identified on the orthophoto using Avenza App (Figure

12). To cross-check results, the distance of each tree to the plot centre and the bearing angle were also

taken.
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Figure 12. An excample of the Avenga App display with the assigned mannal tree location and an example of a plot a screenshot with
an approximation of the canopy shape of the trees from ground sight.

3.3.2.3. UAV data collection

% UAV Flight planning

The RGB images were provided by the ITC-University of Twente as secondary data. The UAV flight and
images were acquired in September 2019 using a Phantom 4 drone. A certified pilot has performed the
flight.

Figure 5 shows an overview of the camera characteristics and the flight set parameters. A double grid flight
was programmed, using Pix4Dcapture & Ctrl+D]JI, in which the drone was set on moderate speed (5.205
[m/s]) and high ovetlap percentage to aim the highest point cloud density in the subsequent steps. Likewise,
to achieve GSD around 5 cm, the drone flew at 100m above ground.

GSD refers to the ground sample distance, which is the distance, measured on the ground, between the
centre of two successive pixels. GSD is linked with the flight hight and the spatial resolution: in general, a
lower flight hight allows a smaller the GSD size; hence a bigger image spatial resolution is possible (Pix4D,
2020a).
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Table 5. Flight and aerial photograph parameters (Information provided by the ITC - University of Tiwente).

Flight set conditions DJI Phantom 4

Flight altitude (above-ground) 100 m

Flying speed Moderate (Slow +)

Ovetlap 90% forward and 80% side overlap

The angle of the camera On-nadir view (80° angle of the camera).
Flight mission Polygon double gtid type (Notth-south direction).
Picture trigger mode Fast (5.205 [m/s])

Image Coordinate System WGS 84 (EGM 96 Geoid

Camera characteristics Phantom 4 RGB camera

Model FC330_3.6_4000x3000 (RGB)

Sensor 1/2"3” CMOS. Effective pixels:12.4 M
Electronic shutter speed 8 —1/8000s

Photo Formats JPEG, DNG (RAW)

Ground control points (GCPs) 9

GCP Coordinate System Amersfoort / RD New (EGM 96 Geoid)

+* Ground Control Points and Check Points

Ground Control Points (GCP) and Check Points (CP) were pre-placed within the study area. The first ones
were to be used to georeferenced the data, and the second ones were applied for the quality assessment of
the image processing. During the flight, there were acquired a total of 9GCPs. The GCPs were located on
permanent object and temporal (with GCP marks), the location was taken by using a GNSS-RTK.

3.3.24. Field Plots characteristics

This study tried to acquire an equal or similar number of plots with dominant conifers trees, dominant
broadleaves trees and also mixed plots. Because of the current and previous management of the study area,
the site is composed of defined sections with the same species or group of species; most of the time they
are of a similar age class within one plantation. On mixed areas, the conifers were almost always much older

and taller than the broadleaves.

Each sampling plot consisted of a circular plot of 500m? area and 12.62m radius. All the trees within the
plot area (with >10 cm DBH) were measured. The size was determined since it has been highlighted to be
in the optimum range of accuracy and cost-effectiveness in the measurements of forest attributes and AGB
modelling (Bonham, 2013). Smaller plots showed a decrease in accuracy because of the geolocation shift,
the edge effect and they can also capture less than the whole variability range that could lead to extrapolation
errors( Frazer et al,, 2011). However, after the optimum range, rising the plot size stops increasing accuracy
significantly (Frazer et al., 2011; Gobakken & Nasset, 2008; Ruiz et al., 2014).

The circular shape of the sample plots was chosen since it has been proved to be less prone to errors and
operationally easier: the boundaries are simpler to determine, fewer trees are in the borderline, and it
minimises the perimeter length. Also, just one point location is needed (at the centre of the plot) compared

to the four corner points of a square plot, which also takes longer to register and can increase the chances
of error (White et al., 2013).

Priority was given on sample where there were mature trees of the species needed, making sure to have
dominant broadleaves or conifers plots and also mixed plots. Other main criteria were to look for visual

references that facilitate the link of the measured tree and its canopy identification on the orthophoto (i.e.
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close to a path) and this way, minimise the difficulties with GPS error range. Preference was also given to
single storey and spare trees spaces so most, preferably all, tree crowns within the plot can be seen from

above.

The UAV orthophoto was ready generated, and some previous visits were also possible before starting the
measurement activities. This was highly helpful to design the fieldwork as efficient as possible, by then we

got an idea of the species distribution and where the orthophoto quality is at its best.

3.3.3. Data processing

3.3.3.1. Ground truth data processing

All data collected during fieldwork was recorded in a digital format using Excel. As mentioned before,
making sure to recognize each tree and getting their exact location was an important issue. Therefore, there
was a lot of crosschecking information to determine each tree location. All the field parameters and
characteristics such as tree number, tree plot, DBH, Species, remarks, etc. were stored as part of the attribute
table of the tree location point shapefile. The boundaries and coordinates of each plot were digitised and
stored as shapefile as well. Moreover, the digitised CPA from the orthophoto was also used for the ground
truth measurements. The CD was calculated as it is shown in Equation 4 and added to the biometric data
Excel file.

3.3.3.2. UAV-RGB data processing

By applying Structure from Motion (SfM), a dense cluster was built of three-dimensional points recreating
the mosaic image scene, within the camera motion, from the 2-dimensional set of overlapped images taken
by the UAV (Nex & Remondino, 2014). Pix4D Mapper software was used for the process.

The matching of GCP and CP was done manually. Not all GCPs were given favourable results since the
ones located on permanent places (i.e. a stone, a corner point or a wooden bar ) were not always easily
recognizable in all images. After several trials, from the nine available ground targets, the ones with the best
quality outcomes were chosen: 3 GCPs were used at this stage to get the absolute orientation of the 3D

point cloud and the camera locations. The process was followed by a quality assessment using the 3 CPs.
The processing workflow in Pix4D Mapper was done in three steps:

% Initial processing. On this step, the keypoints identified and matched between images, the camera
calibration and point cloud densification are done thought Automatic Aerial Triangulation (AAT)
and the Bundle Block Adjustment (BBA)(Pix4D, 2020b). The default options (the key points were
identified on a full image scale) and a standard image calibration method were kept. This process is

optimized with the integration of the GCPs to get the external orientation.

% Point cloud and mesh. This is where the point cloud densification and classification occurs. The
optimal point density and a minimum of 3 images were each 3D point have to be re-projected.
Also, the option multiscale- with half the image size was set to reduce the noise in the point cloud.

In this step, each 3D point was automatically classified.
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% DSM, DTM, and Orthophoto. The DSM tresolution was set as 1 GSD to get the highest
resolution possible, and the noise filtering option was kept and transformed, by inverse distance
weighting algorithm to interpolate the points into a raster DSM and orthophoto. The orthophoto

was created and merge in a single Geo-tiff.

3.3.3.3. CPA Manual digitising and CD calculation

The CPA of each tree was manually digitised using the UAV-Orthophoto as guidance (Figure 13). The CPA
of all trees was saved as a shapefile and their area calculated in square meters. The issue of identifying the
CPA boundaries and shape of every tree was crucial for the following analysis. In this sense, the tree location
point shapefile, videos and photos taking on the field were of great help, as well as the quick canopy draws
made on the cell phone screenshot. The UAV-images taken during fall season were a good help on
distinguishing between species and sometimes even between tree crowns of neighbouring trees from same
species. The challenge was that the tree crowns sometimes ate not easy to differentiate among them. Hence,
there is the risk of overestimating the CPA size (from several crowns clustering) but also to underestimate
them (i.e. when crown is so irregular it looks like two or more crowns ). Once the CPA of all trees were

digitised and their area calculated (m?), the CD (m) was derived by following Equation 4.

. T
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Figure 13. Example of the manual on-screen CPA digitising.

3.34. Data analysis

3.3.4.1. Ground truth data analysis

AGB can vary according to the age, species and even location. Various AGB allometric equations have been
developed, based on destructive methods, to estimate the biomass of different tree species. To avoid wrong
estimations when using allometric equations, it was selected the ones with high accuracy and that were
preferably made close to our study area. The ground measured DBH of each tree was used as input for the
allometric equation according to their species (Table 0) to get the biometric AGB on a plot level ( Equation
5) and, derived the biometric AGC by the carbon content factor 0.5(Hirata et al., 2012) (Equation 6). The
output value was used as ground truth to test the accuracy of the AGB/AGC estimations from UAV image.
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Table 6. AGB Allometric equations applied. * Species name and country where the AGB allometric equation was designed.

Species AGB Allometric equations R? Source
Scot Pine AGB[Kg] = 0.1182 % DBH[cm]*3281 0.98  (Zianis,
*Pinus Sylvestris, Czech republic. 2005)
Norway Spruce AGB[kg] =-43.13 + (2.25 * DBH[cm]) + (0.452 * DBH[cm]?) 0.995 (Zianis et
*Picea abies, Germany al., 2005)
Douglas fir AGB[Kg] = —0.111 + DBH[cm]%*3%7 0.995 (Zianis et
*Pseudotsuga mengiesii, al., 2005)
Netherlands.
Oak AGB[Kg] = 0.0722 * DBH[cm]>1% 0.97 (Suchomel
*Quercus petraea, Germany. etal., 2012)
Alder AGB[Kg] = 0.00079 * DBH[mm]?2854¢ 0.987  (Zianis et
*Alnns glntinosa. Sweden. al., 2005)
Birch AGB[Kg] = 0.00087 * DBH [mm]%?28639 0.985  (Zianis et
*Betula pendula. Sweden. al., 2005)
Beech AGB[Kg] = 0.0798 * DBH [cm]%%°1 0.988  (Zianis et
*Fagus sylvatica, Netherlands. al., 2005)
Larch Needles branches [Kg] = 0.027940 * DBH[cm]*800410 098 (Novik et
*I_arix decidua, Czech Republic. Dead branches [Kg] = 0.118280 * DBH[cm]491200 0.85 al, 2011)

Live (green) branches[Kg] = 0.027960 * DBH[cm]?#198240 0.99

Stemwood [Kg] = 0.054380 * DBH[cm]2420242 0.99

Stem bark [Kg] = 0.006588 * DBH[cm]?42044

AGB [kg] =(Needles + dead branches+ green branches+ stem wood+ stem bark)

Most of the allometric equations estimate the tree AGB in Kg. To get AGB in tons/ha, we summed the
AGB of all the trees within each plot and follow Equation 5:

tons, _ (Xtree AGB [Kg

) .
Plot AGB [*] o2 208 9D/ 0.05 ha (Equation 5)

Where the summing of all trees AGB is divided by 1,000 to convert from kg to ton and then, divided by
the plot area 0.05ha to get the final result in tons /ha.

Once we get the AGB, the carbon stock is calculated with a conversion factor (CF=0.5), which means that
50% of AGB is considered as the carbon stored in the above ground biomass (Hirata et al., 2012).

AGC = AGB x CF (Equation 6)

Where AGC [Mg] refers to above-ground carbon stock, ABG [ Kg] is above-ground biomass, and CF [no

units| is the carbon content factor, in this case, it is 0.5.
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3.3.4.2. UAV data analysis

The process to estimate the AGB and AGC was done using the same allometric equations (Table 6) but
this time using the DBH estimations derived from both models (DBH-CPA and DBH-CD) from the UAV-
images. All the following steps in the workflow were made for each species (Spruce, Douglas, Pine, Oak,

Birch and Beech) as well as for the general species category (broadleaves and conifers).

% Assessing linear regression assumptions

Different regression model types were be considered, but a linear regression model is usually the one
considered as a starting point. Therefore, linear regression assumptions were verified (Poole & O’Farrell,
1971). As data pre-analysis, we check the normality distribution of the variables as well as the residuals of a
linear regression. D’Agostino-Pearson normality test was used on all the parameters used as well as the
residuals since, this normality test have proved to be more reliable in a broader range of data circumstances
(Yap & Sim, 2011). We also checked on the variance of the residuals on a scatter plot. This step was useful
to understand the relationships better and to spot and eliminate the outliers trees for the subsequent model
building process.

% Outliers

Residual is the difference between the observed and predicted value, with a positive sign if the data is above
the trendline and negative when it is below it. Outliers are observations with big residuals, meaning that the
observed value is on a more considerable distance from the one that the regression model estimate (BU,
2016; Lumen, 2020). Histogram and Boxplot gives an idea of the general data behaviour of each variable

but also to spot the outliers. A popular rule of the thumb for potential outliers identification is by Equation
7 and Equation 8 (Lumen, 2020).

Q3 + (1.5*IQR) < observation = potential outlier at the lower bound (Equation 7)

Q1 — (1.5*IQR) > observation =potential outlier at the upper bound (Equation 8)

Where Q1 is the is the first quartile of the data, Q4 is the third quartile of the data, and IQR is the
interquartile range which is the difference between Q3 and Q1.

To build each model, the criteria for outliers removal was by just disregarding the trees needed to the
accomplish of normality on all the parameters (DBH, CPA and CD) and residuals distribution. It was done
stating by the ones highlichted by Equation 7 and Equation 8 and by using the Q-Q plot and D’Agostino-

Pearson as guidance.

3.3.41. Developing regression model and validation model

In this research CPA and CD are considered as the independent or explanatory variables, and DBH is the
dependent variables. By taking the individual trees that satisfy the normality test and having eliminated the
outliers, DBH estimation models were built by performing a linear regression model. Moreover, logarithmic,
power and quadratic regressions were also built in other compare the accuracy results between them and

select the regression function type that describes the relationship the best.
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The process was done for both the DBH-CPA and DBH-CD relationship, randomly dividing the dataset
70/30 for model building and validation. This process was petformed per conifer and broadleaved general
categories, as well as for each species. From the total amount of trees, 70% were used to build the models
(linear logarithmic, power and quadratic) for the relationship between the DBH-CPA and DBH- CD and
select the one with the best accuracy results in terms of R2and Root Mean Square Error (RMSE). Residuals
were graph against biometric DBH to make sure that there is a random distribution of the residuals.

As a validation process, the model chosen was applied to the 30% of the remaining (and independent) data,
by plotting the estimated DBH values, derived from the chosen DBH-CPA and DBH-CD models, against
the biometric DBH and create a linear regression. This way, we were applying statistical analysis to validate

the consistency of the DBH models.

The correlation coefficient (r) (Equation9), coefficient of determination (R?) (Equation 10), were used as
indicators of the accuracy of the estimations. Root Mean Square Error (RMSE) (Equation 11 and 12), Root
Mean Square Deviation (RMSD) (Equation 13) were calculated to know about the deviation of the estimated
and observed values. RMSE tells us about how far are the estimated values from the linear regression line,
and it underestimates the real error (Pifieiro et al., 2008). Therefore, the analysis was also complemented
with RMSD which is the mean deviation between model estimations against the 1:1 line of the observed
values (Pifieiro et al., 2008).

To answer the research hypothesis, a T-test was applied to test on the significant difference (x = 0.05)
between the means of the estimated DBH results and biometric DBH; the test was done assuming unequal

variance to get trustful results (Ruxton, 2000).

r= Z ((yest B E) (yobs B rbs )) ) (Equation 9)

\/Z (yest ‘E)Z Z (yobs ‘E)Z

R2 = rz (Equation 10)
2
RMSE = Z(y"’(“—i"bs) (Equation 11)
RMSE [%] = R;WSE X 100 (Equation 12)
obs

Where y,, refers to the observed reference value (linear trendline), y,,, is the predicted DBH from the model
(from DBH-CPA and DBH- CD models) and, their average values are expressed as Yy, and Y. . 1 refers

to the number of observations.

2
RMSD = —Z (yC(St - i])obs ) (Equation 13)
” -

Where y,,refers to the real observed value (Biometric DBH), y,,, is the predicted DBH from the model
(from DBH-CPA and DBH-CD models). n refers to the number of observations.
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3.3.4.2. Plot AGB and AGC estimation and accuracy assessment

The modelled DBH was used as input to the allometric equations (Table 6) to come up with AGB and
AGC. A linear regression performed as an accuracy assessment - plotted as suggested from Pifieiro et al.,
(2008)- taking the biomass from ground truth data, biometric AGB /AGC on the Y axis, against of
AGB/AGC quantified from DBH estimations on the x-axis. They were named “AGB-DBH-CPA” from
DBH-CPA relationship and “AGB DBH-CD” from DBH-CD relationship.

The assessment was made for all plots but also by dominant plot type. The evaluation was made through
statistical indicators R2, RMSE and RMSD. Residuals were graph against biometric AGB/AGC to
complement the analysis of the model performance. A T-test also performed to test the significant
difference between biomettic and estimated AGB/AGC values (o = 0.05).
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4. RESULTS

The following section starts with a statistical analysis of the fieldwork data collection as well as the analysis
of the UAV data processing. Then, it exposes the DBH model building and validation results. Finally, the
AGB and AGC results and accuracy assessment are presented.

41.  Descriptive statistics from field data

A total of 477 trees were recorded from 39 plots plus, the measurements of 33 individual trees that were
gathered from outside the plots to complement the number of trees per species on the DBH model building
phase. Figure 14 and Figure 15 present a summary of the data collected during the fieldwork activities.

The conifers species found in the study area were: Pine, Douglas Fir and Spruce. While for the broadleaves
species found in the study area were: Beech, Birch and Oak (Alder and Larch were excluded from the tree
base part of this research because their number in the study area is minimal). Figure 14 presents the tree
species distribution (%0) as well as the number of trees collected per species (broadleaves or conifers) and
individual species. The tree parameters collected were DBH, species recognition and tree location (fieldwork
data sheet in Appendix A).

Table 7 presents the overall characteristics of the trees species within all the 39 plots. They are 444 trees,
and each plot has between 6 and 20 trees per plot with a mean of 11.38 trees. Figure 16 presents the number
of trees per plot, indicating the tree species with different colours. Plot 24 was eliminated because the bad
weather didn’t allow to finalize the measurements. More details on the plot configuration characteristics can

be found in Appendix C.

Plots were classified as Conifers—dominated plots, Broadleaves-dominated plots and mixed according to
the number of trees per species within each plot: 10 Mixed plots ( plot no. 1, 3, 17, 18, 20, 25, 30, 31, 34
and 40), 18 Broadleaves plots ( plot no. 2, 4, 5,6,7, 8, 10, 11, 12, 13, 14, 15, 19, 21, 27, 32, 37and 38 ) and 11
Conifers plots ( plot no. 9, 16, 22, 23, 206, 28, 29, 33, 35, 36, 39).

SPECIES DISTRIBUTION

Alder
Spruce 0% Beech
Trees within the plots + individual 18% 19%
Oak 97
Broadleaves 236 Beech 89
Birch 49
Pine Birch
Alder 1 1% i
Douglas 86
s 84
Conifers 241 pt’uce Larch
Pine 59 3%
Larch 12
TOTAL 477 477

Douglas 20%
18%

Figure 14. Trees per species and group of species (left) and species distribution (%) of the total of trees collected (right).
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Figure 15. Distribution of the number of trees, and their species, within each plot.

Table 7. Descriptive statistics of the trees within the plots.

No. Trees

Total 444
Mean 11.38
Std. Error 0.60
Std. Dev. 3.72
Variance 13.82
Min &
Max 20

41.1.  Biometric DBH descriptive statistics results

Table 8 presents the descriptive statistics of the biometric DBH from all the trees measured by species
categories ( broadleaves and conifers) and individual species in this research work. The range between the
smallest and biggest DBH of all trees is very similar among species categories (conifers and broadleaves).
Nevertheless, looking at a range of biometric DBH between species, the DBH range in Pine (11.10-65.5cm),
Oak (12.60-78.90cm) and Birch (10-48.3cm) is not as wide as the rest. Worth highlight that the mean value
in Birch (25cm) is noticeable low compare to any other groups. Noted that Birch doesn’t tend to grow as
big as the other two broadleaved species, usually, it doesn’t increase beyond 60cm DBH (Hemery et al,,
2005).

To complement the analysis, boxplot in Figure 16 is presented to give a visual distribution of data. The
means are close between species categories (42.99cm for conifers and 42.32cm for broadleaves) and species,
except for Beech (with a mean of 48.79cm) and Birch (mean of 25.61).Looking at the kurtosis and skewness,
all values are considerably low which is a sign of normality; Spruce and Oak kurtosis indicate their curve is
slightly flatter than the rest and the Pine skewness is slightly higher than the rest.

Figure 17 offers a visual interpretation of the data behaviour, where the general DBH histogram of all trees
shows an almost symmetrical shape, were most of the trees falls in the range of 40 and 50 cm (133 trees of
the 477 total). Broadleaves have an almost similar shape, 31 of the 235 total have diameters of 40-45cm and
28 trees 45-50cm. Beyond those ranges, 73 broadleaves trees have DBH above 50cm, and 103 have less
40cm DBH. In the case of conifers, from the total 229 trees, 32 have DBH between 40-45cm, 40 trees
between 45-50cm, 60 trees have DBH above 50cm and, 94 below 40cm.

Overall, the biometric DBH values follow a straight line when data plotted against appropriate quantiles; a
normal distribution can be assumed. It is also notable in all Q-Q plots (Figure 17) that at the ages of the
line there is a light tale on both sides, but a little more pronounced in the high values. This means that the
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higher deviation, and possible outliers, could be at the extreme DBH rage values. Moreover, the histograms

show potential outliers among the trees with the highest DBH values (above 70 cm).

D’Agostino-Pearson was also performed to look for consistency in the normal distribution assumption

(Table 8). In this sense, the individual species and species categories that reported p-values below 0.05, and

therefore the hypothesis of the data normally distributed, cannot be accepted. In those cases (Pine and

Spruce), the outliers were spotted and discarded in the subsequent steps until the normal distribution was

fulfilled.

Table 8. Descriptive statistics of the biometric DBH of all trees, from species group (broadleaves and conifers) and specific species.

DBH [cm] | Alltrees Conifers Broadleaves Spruce Douglas Pine Birch Oak Beech
N 477 229 235 84 86 59 49 97 89
Mean 42.59 42.99 42.32 42.97 44.37 41.01 25.61 | 44.81 48.79
Std. Error 0.70 0.95 1.06 1.064 1.70 1.38 1.20 1.32 1.74
Std. Dev 15.19 14.33 16.20 15.00 15.81 10.60 8.39 13.04 16.41
Variance 230.71 205.38 262.44 225.02 | 24991 112.28 | 70.42 | 170.04 | 269.16
Min 10.00 10.10 10.00 12.50 10.10 11.10 10.00 | 12.60 13.10
Max 89.60 89.60 82.30 89.60 81.00 65.50 48.30 | 78.90 82.30
Q1 32.5 34.4 30 31.425 | 34.275 36.65 20.4 37.4 40.3
Q3 52.3 50.9 53.5 51.4 55.925 47.05 30.9 51.8 60.4
IQR 19.80 16.50 23.50 19.98 21.65 10.40 10.50 | 14.40 20.10
Kurtosis -0.06 0.44 -0.44 0.79 -0.37 1.45 0.06 0.70 -0.35
Skewness 0.20 0.26 0.17 0.68 -0.03 -0.80 0.22 0.18 -0.24
DA-stat 3.20 4.31 3.87 8.31 0.50 9.69 0.55 2.50 1.34
p-value 0.20 0.12 0.14 0.02 0.78 0.01 0.76 0.29 0.51
Normal Yes Yes Yes No Yes No Yes Yes Yes
Biometric DBH
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Figure 16. Boxplot of biometric DBH.
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Figure 17. Histogram distribution of biometric DBH measured in the field and normal O-Q plot .

4.2.  UAV-RGB processing results

Table 9 and Figure 18 show an overview of the main steps taken by SfM to get the main tree outputs. The
Dutch projected coordinate system ‘RD_New’ and Amersfoort as the geodetic datum was used for all spatial
data. RD stands for national triangle coordinates (Rijksdrichoekscodrdinaten in Dutch).

The quality report of the process is shown in Appendix B. The high overlap between the images enables
100% of the image set to be correctly oriented. A median of 57,568 keypoints and 3,122.71 matches were
identified per image. From the three GCPs used, the mean georeferencing error was Om. After the Bundle
Block Adjustment, the resulted reprojection error was 0.126 pixels. Moreover, the hight overlapping
percentage resulted in a 3D Point Cloud with a total of 61°138,701 3D densified points and an average point
density of 30.3 points per m3. The orthophoto acquited a spatial resolution of 4.64 x 4.64 cm/pixel and
allowed a high level of detail to recognized and manual on-screen digitise each of the canopies.

The resulted DTM output was into 23.727 cm/pixel, and the DSM was 4.64 cm/pixel spatial resolution. A
resample was done to the DSM to match the resolution of both before creating the CHM.
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Figure 18 presents an overview of the processing procedure of the UAV images on Pix4D Mapper Software.
As it can be appreciated in Figure 18g, the DTM presented some areas (blue patches) with high altitudes as
if there was an elevation in the ground when there is a high tree density. In those places, the CHM reported
low tree height numbers (represented with clear- brownish spots). Therefore, it was not possible to obtain

a reasonable tree height quality estimations on all the plots measured in the study area.

Table 9. Summary of the UALV image processing steps.

General
Average GSD 4.64 cm
Total area 0.790 km2/ 79.0145 ha
Dataset 807 out of 807 (100%) images calibrated and geolocated.
Georeferencing mean RMS 0Om
Bundle Block Adjustment
Mean reprojection error | 0.126 pixels
Coordinate Systems
Image coordinate system WGS 84
GCP Amersfoort/ RD New
Output coordinate system Amersfoort/ RD New
Point Cloud Densification
Min number of matches 3
Number of 3D densified points 61°138,701
Average point cloud density 30.3 m?
DSM, Orthomosaic, and DTM
DSM and Orthomosaic resolution 1 x GSD (4.64 [cm/pixel])
DTM resolution 5 x GSD (23.737 cm/pixel)
DTM method Inverse Distance Weighting

T T

0 150 300 m 0 150 300

DT™M CHM
e High :90.1 e High : 73.4 o High:41.7
- Low : 41.0 - Low:323 B Low:-102

Figure 18. Overview of the UAV-RGB image processing. (a) Top view of the initial images sequence positions according to the flight path. (b) and (c)
3D point cloud from different point sight, on the image (c) can be appreciated the tree highest points as well as the ground points. (d) Triangulation
modelling process. (¢) Orthomosaic. (f) DSM before densification. (g) The resulted DSM [m], DTM [m] and CHM [m].
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4.3.  Crown Projection Area (CPA) descriptive statistics results

Table 10 presents an overall description of all the trees CPA. The general CPA tree range is between 2.86
and 100.26 m? and therefore with high variance. However, the majority of trees are in 18-28 m? range (Figure
20). Notably, the mean of broadleaves species is very different between Oak and Beech (41.37 and 38.31
respectively) and Birch (14.15 m2) while the mean value in conifer species are closer to each other. Birch
and Pine presented a much lower mean but also standard deviation and variance. Looking at the boxplot
(Figure 19), it can be seen that the CPA range of these two species is lower and closer than the other species.

As in the DBH histograms, in CPA cases (Figure 20), the distribution showed a slightly right-skewed that
gets more pronounced in the conifers histogram, and the curve gets softer on the broadleaves. It can be
seen that the conifers variance is much higher in the case of broadleaves than conifers (191.53 and 392.33
respectively). The frequency peak of the conifers histogram seems more pronounce, where 83 of the 229
conifer trees have CPA between 18-28 m?, different from the broadleaves whose peak is peak is smoother
and found between 33- 38 m? with 62 trees. Nevertheless, the frequency of both groups between 3-53 m?
is pretty similar (217 of the 229 confers and 178 of the total 235 broadleaved trees fall in this range).

The Q-Q plot showed that the CPA distribution follows a straight line on their middle values as a normal
distribution indication. Nevertheless, the ages of the line make a tale and this is especially notable on the

highest CPA values(above 70m?) showing an increase in variation and making an outliers warning,.

In the general conifers and broadleaves categories, and the Spruce species, the kurtosis and skewness
highlight that there might be a non-normal distribution. As it is showed in Table 10, in the case of conifers,
broadleaves categories as well as Spruce and Beech species, they fail the normal distribution test. The
boxplot in Figure 19, gives an idea of the where are some of the outliers. In those cases, the outliers were
discarded during the DBH model building from DBH-CPA relationship for the fulfilment of the linear

regression assumptions.

Table 10. Descriptive statistics of CPA of all trees, from species category ( broadleaves and conifers) and per specific species.

CPA [m"2] Alltrees Conifers Broadleaves Spruce Douglas Pine Birch Oak Beech
N 477 229 235 84 86 59 49 97 89
Mean 30.88 27.20 34.54 26.02 29.88 24.95 | 14.15 | 41.37 38.31
Std. Error 0.80 0.91 1.29 1.60 1.65 1.17 1.11 2.01 1.79
Std. Dev 17.38 13.84 19.81 14.70 15.33 9.01 7.79 19.79 16.89
Variance 302.18 191.53 392.33 216.20 235.01 81.26 | 60.67 | 391.83 | 285.41
Min 2.86 2.86 3.08 2.99 4.90 2.86 3.08 4.14 6.90
Max 100.26 96.03 100.26 96.03 73.14 47.25 | 33.49 | 9347 100.26
Q1 18.52 18.56 18.03 16.12 18.83 21.00 | 8.33 28.23 24.40
Q3 40.95 34.17 47.73 32.22 41.89 29.43 | 19.81 | 53.73 49.27
IQR 22.43 15.61 29.69 16.10 23.06 843 | 11.48 | 2549 24.87
Kurtosis 0.98 2.51 0.06 5.67 -0.40 0.50 | -0.11 -0.20 1.36
Skewness 0.89 1.06 0.58 1.78 0.40 -0.23 | 0.74 0.34 0.67
DA-stat 58.93 49.10 12.16 44.55 3.00 1.48 4.52 211 10.73
p-value 0.00 218 E-11 2.28E-03 2.11E-10 0.22 0.48 0.10 0.35 | 4.67E-03
Normal no no no no yes yes yes yes no
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Figure 19. Boxplot of biometric crown projection area (CPA).
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4.4.  Crown diameter (CD) descriptive statistics results

Table 11 presents an overview of the CD descriptive statistics among the data. It can be seen that the mean
of conifers and broadleaves general categories are similar (5.69 and 6.33, respectively). Among species, the
conifers are also pretty consistent in their mean values, but broadleaves species have a wider difference
(4.08,7.02 and 6.81 m). Therefore, broadleaves category have a higher variance than the conifer group (3.97
and 2.25, respectively). This is also notable by looking at the boxplot in

Figure 27.

Moreover, the standard deviation of broadleaves category is 1.99 and 1.50 for conifers category. Similar
values are found between species categories (1.52m Spruce, 1.66m Douglas, 1.86m Oak and 1.57m for
Beech), except for Birch and Pine which have a much lower standard deviation (1.16m and 1.15m
respectively). Worth to mention that variance and standard deviation of CD [m] data are lower than
CPA[m?].

The histogram (Figure 22) shows that the CD of all trees follows a normal distribution. As in CPA, Conifers
histogram peak is more pronounced than broadleaves. On the issue of normality of the CD distribution,
the majority of the data follows a straight line behaviour when compared with theoretical quantiles with
what looks like a slight variation on the low and high end but without serious deviation for normality (Figure
23). In general, it seems to follow better the straight line than the CPA Q-Q plots.

The kurtosis and skewness on Spruce and Pine species are highlighted and they also fail on the D’Agostino-

Pearson normality test. Hence, the potential outliers were spotted.

Table 11. Descriptive statistics of the Crown diameter of all trees, from species category ( broadleaves and conifers)and per species.

CD [m] Alltrees Conifers Broadleaves Spruce Douglas Pine Birch Oak Beech

N 477 229 235 84 86 59 49 97 89
Mean 6.01 5.69 6.33 5.55 5.94 5.52 4.08 7.02 6.81
Std. Error 0.08 0.10 0.13 0.17 0.18 0.15 0.17 0.19 0.17
Std. Dev 1.78 1.50 1.99 1.52 1.66 1.15 1.16 1.86 1.57
Variance 3.17 2.25 3.97 2.32 277 1.32 1.36 3.47 2.48
Min 1.91 1.91 1.98 1.95 2.50 1.91 1.98 2.30 2.96
Max 11.30 11.06 11.30 11.06 9.65 7.76 6.53 | 1091 | 11.30
Q1 4.86 4.86 4.79 4.53 4.90 5.17 3.26 6.00 5.57
Q3 7.22 6.60 7.80 6.40 7.30 6.12 5.02 8.27 7.92
IQR 2.37 1.73 3.00 1.87 241 0.95 1.77 2.28 2.35
Kurtosis -0.19 0.43 -0.56 1.39 -0.55 1.90 -0.65 | 0.12 0.10
Skewness 0.09 0.09 -0.11 0.61 -0.19 -1.08 022 | -0.41 -0.09
DA-stat 1.44 2.05 6.12 9.39 217 14.98 1.83 2.99 0.29
p-value 0.49 0.36 0.05 0.01 0.34 5.58E-04 | 0.40 0.22 0.87
Normal yes yes no no yes no yes yes yes
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Figure 21. Boxplot of biometric crown diameter (CD).
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Figure 22. Histogram distribution of crown diameter Normal Q-Q plot of crown diameter (CD) distribution.
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4.5.  DBH model development and its validation assessment

This subsection explains first the results from the different model types derived from DBH-CPA
relationship. The one with the highest accuracy was selected, and a validation process was made on a
separate dataset. Then, the results of the T-test answering the research hypothesis are shown. The same
process is done for the model development and validation from the DBH-CD relationship. Finally, a
summary section made a recap of the selected DBH models derived from both relationships, and that were

used for the AGB calculation in subsection 4.6.

4.51. DBH model from DBH-CPA relationship

On each species and species category, just the trees that fallowed the normal distribution were selected and
randomly divided, taking 70% of the data in each case for the development of the DBH estimation model.
Diverse regression models types were built to estimate the DBH (Table 12). In each occasion, the one with
the best results in terms of R? and RMSE was chosen (Table 13). The validation was made by using the
remaining and independent 30% of the data (Table 14). The scatter plot of the chosen model and their
validation results can be found in Figure 23. Moreover, the variance of the residuals of the selected models

and validations did not follow any patterns, so no transformations were needed (Figure 37, Appendix D).

Table 12. Overview of the DBH miodels development types derived from DBH-CPA. Where x is CPA [#] and y is DBH [cm].

g g
" .2 » 5)
7] o o 7] o g.
&) = 2 3 2| & 2 i S 2
L y = 1.0534x + 15.077 088 470 | o |L y = 0.8002x + 14.593 0.84 638
33 Log y=2231In(x) - 27.409 082 567 § Log vy =21.003In(x) - 28.421 0.80  7.07
TP y=5777x"0.6184 089 456 | T | P y = 5.0783x0.605 0.85 6.17
O = -0.0061x2 + 2 = -0.0054x"2 + 1.1938x
y . y b o
1.4076x + 10.85 088 4571 @1 Q 394935 0.85 6.11
L y = 1.1349x + 14.162 092  3.62 L y = 1.0582x + 11.011 0.64 4.84
g Log y=25.149%n(x) - 35.806 0.85 5.02 - Log y=11.517In(x) - 3.2841 0.67 4.62
i P y = 5.7246x"0.6284 090 375 &P y = 6.072x0.5541 0.71 4.67
/M
w
y = -0.0032x 2 + y = -0.0401x"2 + 2.1256x
Q  13021x +11.849 LR e Q +5.3763 0.67 4.60
L y = 0.9637x + 15.808 0.86  5.63 L y = 0.6549x + 18.608 091 3.70
S | Log y=22850In(x)-29.637 081 657 | , |Log y=20.63In(x)-28.852 0.83 4.98
&n
2lp y = 5.9523x20.5996 086 468 | S|P y = 6.1584x0.5439 0.89 3.79
R = -0.004x"2 + 1.2167x = -0.0006x"2 + 0.7107x
Q Zr 12.635 0.86 5.56 Q i 17,567 0.91 3.69
L y = 1.024x + 15.08 0.74  4.19 L y = 1.0176x + 11.828 0.85 5.67
Log y=23947In(x)-35445 073 426 | _ | Log y=31.272In(x)-60.51 083  6.05
(5]
ii:: P y=4.948x"0.6555 078 415 | S|P y = 3.328x0.7499 0.89 5.58
/m
y = -0.0041x"2 + y = -0.0055x"2 + 1.424x +
Q1 2463 +12.236 0.74 417 Q 5.3722 086 5.5

Among the results of the regression models types, quadratic and power models were the ones that
performed with the highest R? and lowest RMSE. Comparing the selected models, it is notable that Spruce,
Oak and Beech presents the highest accuracy (R2=0.93, 0.91 and 0.89 respectively). Spruce also has the
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lowest RMSE at 3.56 cm. In contrast, Birch and Pine model resulted in a much lower accuracy (R?=0.71
and R?= 0.78) but with an RMSE comparable with other groups (RMSE = 4.60 and 4.15cm respectively).
The highest RMSE is in the Douglas model and the general broadleaves category with RMSE of 5.56 and
6.11 respectively.

The validation of the models (Table 14) confirms a strong positive correlation between the estimated and
biometric DBH since all the Pearson correlation coefficient is above 0.80. Also, the linear regression results
presented a similar R2 and RMSE to the ones obtained in the model building process.

Biometric DBH [cm]

Biometric DBH [cm)]

90 -

60 -

30 A

Table 13. Overview of the DBH muodel applied (from DBH-CPA relationship).

. . RMSE RMSE
Species N Equation R2 [cm] %
Conifers 152 y=5.777x"0.6184 0.89  4.56 10.69
Broadleaves 157  y=-0.0054x> + 1.1938x + 9.1735 0.85 6.11 14.56
Spruce 56 y = -0.0032x%+ 1.3221x + 11.849  0.93 3.56 8.33
Douglas 60 y =-0.004x> + 1.2167x + 12.635  0.86 5.56 12.36
Pine 38 y = 4.948x0.6555 0.78 4.15 10.04
Birch 33 y = 6.072x"0.5541 0.71 4.67 19.53
Oak 63 y = -0.0006x? + 0.7107x + 17.567 091 3.69 8.16
Beech 59 y = 3.328x0.7499 0.89 5.58 10.80

Table 14. Overview of the validation results of the DBH model (from DBH-CPA relationship).

RMSE RMSE RMSD
1 2
Species N R R [cm] % [cm]
Conifers 65 093 0.87 4.62 11.46 4.79
Broadleaves | 67 092 0.84 6.00 15.05 6.52
Spruce 25 096 0.92 3.95 10.05 3.97
Douglas 26 091 0.83 7.29 17.01 7.31
Pine 17 0.90 0.82 4.87 11.22 5.03
Birch 14 0.84 0.70 3.67 13.32 4.19
Oak 27 096 0.92 3.83 8.43 4.09
Beech 25 096 0.92 5.0698 12.673 5.99
%01 Conifers: DBH and CPAmodel ° 90 -
Pe® T Conifers: DBH and CPA model
60 - S co validation
® L os77ees 5 y=0.9777x-0.3066
30 - R?=0.886 e R?=0.872
RMSE = 4,549 = 30 RMSE=4.619
0 - £
S o . . )
0 20 60 =
CPA [m?] @ 30 60 90
Estimated DBH [cm]
. - 90 -
Spruce: DBH-CPA model T Spruce: DBH-CPA model validation
(%)
T 60 -
a
y=-0.0032x2+1.3221x +11.849 g y=0.9695x+1.176
R?=0.926 =30 1 R2=0.923
RMSE = 3.564 g ® RMSE=3.947
0 40 60 @ 0 ' ) '
CPA [m?] 0 %

30 60
Estimated DBH [cm)]
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Figure 23. Model relationship DBH-CPA and model validation of the estimated DBH.
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4.51.1. Hypothesis testing

The T-test results (Table 15) determined, for the case of every species and general species category, no
significant difference among the DBH measured in the field, and DBH estimated from the CPA digitised
on-screen from UAV imagery (o« = 0.05).

Table 15. Results of T-test: Two-Sample Assuming Unequal Variances from the selected DBH from: DBH-CP.A models and

biometric DBH.

Species df tstat Critic.al P(T<=.t )

two-tail two-tail
Conifers 129  0.56 1.98 0.58
Broadleaves | 67 1.00 1.98 0.32
Spruce 48  0.01 2.01 0.99
Douglas 50  0.31 2.01 0.76
Pine 32 0.23 2.04 0.82
Birch 26 0.07 2.06 0.95
Oak 122 0.01 1.98 0.99
Beech 48 043 2.01 0.67

4.52. DBH model from DBH and CD relationship

The BHD-CD model was made by randomly taking 70% of the data (it was used the same tree selection
than in DBH-CPA relationship). Different types of regression models were applied to estimate the DBH
(Table 16), and the best one was chosen in terms of R?and RMSE (Table 17). The power and quadratic
regressions presented the highest accuracy. In the case of Spruce, Oak and Beech species with R= 0.93, 0.91
and 0.89 respectively and 3.57, 3.62 and 5.63cm of RMSE respectively. Birch and Pine are again the species
models with the lowest accuracy R?= 0.71 and 0.78 respectively.

The independent 30% of the data was used for validation (Table 18), where the estimated DBH was plotted
on linear regression against the biometric DBH. Except for Birch, all cases presented a strong positive
correlation (R>0.80). The R? of the validation regression line is overall consistent with the one from the
chosen DBH model. Figure 24 shows the scatter plots of the chosen model and of their validation results.
Additionally, the variance of the residuals of the selected models did not show any patterns or signs of
heteroscedasticity; thus, no transformation was needed (Figure 37, Appendix D).
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Table 16. Overview of the DBH models development types derived from DBH-CD relationship. Where x is CD [m] and y is DBH [em)].
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Table 17. Overview of the DBH muodel applied (from DBH-CD relationship).

Species N Equation R2 R[IZIIE]E Rlz/joSE
Conifers 152 y = 4.9753x"1.2369 0.89  4.56 10.69
Broadleaves | 157 y=0.1782x> + 5.6404x - 1.5415 0.85  6.15 14.66
Spruce 56 y=0.6480x2+ 2.7736x + 6.6193 093  3.57 8.35
Douglas 60 y=0.42206x>+ 3.9511x + 4.9567 0.86  5.55 12.33
Pine 38 y = 4.2234x"1.311 0.78  4.15 10.04
Birch 33 y = 5.3113x"1.1082 071 4.67 19.53
Oak 63 y=0.3242x%+ 2.6514x + 9.8615 0.91  3.62 8.01
Beech 59 y = 2.7766x"1.4998 0.89  5.63 10.89

Table 18. Overview of the validation results of the DBH model (from DBH-CD relationship).

Species N R R2 R{l:[ri]E R%OSE R[IZIIE;)
Conifers 65 0.93 0.87 4.62 11.46 4.79
Broadleaves | 67 092 0.85 5.98 15.00 6.57
Spruce 25 096 0.93 3.90 9.92 3.92
Douglas 26 091 0.83 7.29 17.02 7.33
Pine 17 090 0.82 4.87 11.22 5.03
Birch 14 0.84 0.70 3.67 13.32 4.19
Oak 27 096 0.92 3.76 8.28 3.97
Beech 25 096 0.92 5.07 12.67 5.99
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Figure 24. Model relationship DBH-CD and model validation of the estimates DBH.

4.5.21. Hypothesis testing

The T-test results (Table 19), for the case of every species and general species category, determined that there is no
significant difference between the estimated DBH results (from the DBH-CD model) and the biometric DBH (x =
0.05).

Table 19. Results of T-test: Two-Sample Assuming Unequal 1 ariances from estimated DBH from DBH-CD muodels and biometric

DBH.

Species df tstat ttgz)l_t:z;l I:\EV’](:)‘ft::l)
Conifers 129 0.56 1.98 0.58
Broadleaves | 67 1.06 1.98 0.29
Norway 48 0.00 2.01 0.99
Douglas 50  0.25 2.01 0.81
Pine 32 0.23 2.04 0.82
Birch 26 0.07 2.06 0.95
Oak 122 0.01 1.98 0.99
Beech 48 043 2.01 0.67

453 Summary

Table 20 and Table 21 showed a resume of the results from both regression models by general species
categories (conifers and broadleaves) and by species-specific. Comparing the validation results between both
models, in most cases, the DBH-CD model presented better or slightly better accuracy results, with a higher
R? and lower RMSE and RMDS (in some species, the difference in R? is found until the third or fourth
decimal digit). Power and quadratic models were the model type that best describes the relationship between
variables. As a sign of consistency, on every occasion, the same model type resulted as the most accurate
from both relationships, DBH-CPA and DBH-CD.

RMSE tells how far is the estimated value from the regression line and is complemented with RMSD, which

is the mean deviation between the estimated value and the biometric DBH; both are expressed with the
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independent variable units. Taking as an example the Spruce, the digitise CPA can significantly explain 93%

of the DBH variation by a quadratic function model and an RMSE of 3.56 cm the typical error distance of

their estimations. In the same species, the CD can significantly explain 93% of the DBH (up until the
fourth digit showed a different and higher result than DBH-CPA) but, the RMSE is of 3.57 cm.

Table 20. Summary of general species category DBH estimation models and validation.

. DBH model applied DBH model applied
Sl:e“es (from DBH-CPA R RMSE (from DBH -CD R? R[?nqu
category relationship ) [em] relationship)
Conifers y = 5.777x70.6184 0.89 4.56 y = 4.9753x1.2369 0.89 4.56
y =-0.0054x2 + 1.1938x +
Broadleaves 01735 0.85 6.11 y = 0.1782x2 + 5.6404x - 1.5415 0.85 6.15
DBH validation model DBH validation model
(from DBH-CPA relationship ) (from DBH -CD relationship)
Species R R RMSE RMSD R R? RMSE RMSD
category [cm] [cm] [cm] [cm]
Conifers 0.93 0.87 4.62 4.79 0.93 0.87 4.62 4.79
Broadleaves 0.92 0.84 6.00 6.52 0.92 0.85 5.98 6.57
Table 21. Summary of species-specific DBH estimation models and validation.
DBH model applied DBH model applied
Species (from DBH-CPA R? RMSE (from DBH -CD R? RMSE
. . [cm] . . [cm]
relationship ) relationship)
y =-0.0032x2 + y = 0.6486x2 + 2.7736x
Spruce 093  3.56 093 357
1.3221x + 11.849 + 6.6193
y = -0.004x? + 1.2167x y = 0.4226x2 + 3.9511x
Douglas 0.86  5.56 0.86  5.55
+ 12.635 + 4.9567
Pine y = 4.948x"0.6555 0.78 4.15 y = 4.2234x"1.311 0.78  4.15
Birch y = 6.072x"0.5541 0.71  4.67 y = 5.3113x"1.1082 071  4.67
y = -0.0006x2 + y = 0.3242x2 + 2.6514x
Oak 091  3.69 091  3.62
0.7107x + 17.567 + 9.8615
Beech y = 3.328x"0.7499 0.89 5.8 y = 2.7766x"1.4998 0.89  5.63
DBH validation model DBH validation model (from DBH -
(from DBH-CPA relationship ) CD relationship)
RMSD RMSD
Species R R? RMSE R R? RMSE
[cm] [cm] [cm] [cm]
Spruce  0.96 0.92 3.95 3.97 0.96 0.93 3.90 3.92
Douglas 091 0.83 7.29 7.31 0.91 0.83 7.29 7.33
Pine 0.90 0.82 4.87 5.03 0.90 0.82 4.87 5.03
Birch 0.84 0.70 3.67 4.19 0.84 0.70 3.67 4.19
Oak 0.96 0.92 3.83 4.09 0.96 0.92 3.76 3.97
Beech  0.96 0.92 5.07 5.99 0.96 0.92 5.07 5.99
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4.6. Plot-level Above Ground Biomass and Carbon Stock results

Both DBH models (from DBH-CPA and DBH-CD relationships) were applied to estimate the DBH of
every tree within the plots. The process was performed using DBH-CPA and DBH-CD species-specific

modes as well as with the general broadleaves and general conifers category models. Then, the estimated

DBH was used as the input variable for the AGB allometric equations according to the tree species. The

AGB values of the trees within each plot were summed and transformed in tons/ha. Then, they were

multiplied by the carbon content factor (0.5) to get the estimated AGC [tons/ha].

Table 22 and Table 23 present a descriptive statistics overview of the AGB estimations and AGC

estimations, respectively. The estimation results of each plot can be consulted in Appendix F . The biomettic

AGB plots are in a range from 83 and 719 tons/ha with an average value of 266 tons/ha. The range of

AGB estimations from general categories-AGB models are wider than the biometric-AGB but, the contrary

situation is found when compared to the species specific-AGB. The estimations from the species-specific

AGB models presented smaller standard deviation and standard error than general categories-AGB models.

Moreovet, the standard deviation and standard error are always lower in the estimations from CD models

than the ones coming from the CPA. In the case of AGC, the biometric-:AGC values were between 41

tons/ha and 359 tons/ha and a mean of 133 tons/ha. The AGC estimations presented a similar behaviour
in their results as the AGB (Table 23).

Table 22. Descriptive statistics summary of above ground biomass results

From species-specific

From general species

models categories
Biometric AGB AGB AGB AGB
[tons/ha] [ tons/ha] [tons/ha] [tons/ha] [tons/ha]
DBH-CPA DBH-CD DBH-CPA DBH-CD
Obsetrvations 39 39 39 39 39
Mean 266.69 285.79 276.20 302.54 291.35
Median 254.54 278.55 272.99 255.37 255.97
Standard Error 22.66 20.37 18.04 28.65 24.95
Std. Deviation 141.52 127.23 112.68 178.90 155.80
Variance 20028.09 16188.59 12697.09 32003.43 24274.59
Range 636.62 527.25 475.01 804.77 635.89
Minimum 83.14 73.62 72.26 89.40 89.05
Maximum 719.76 600.88 547.27 894.17 724.94

Table 23. Descriptive statistics summary of above ground carbon stock results

From species-specific

From general species

models categories

Biometric AGC AGC AGC AGC

[tons/ha] [ tons/ha] [tons/ha] [tons/ha] [tons/ha]

DBH-CPA DBH-CD | DBH-CPA DBH-CD

Observations 39 39 39 39 39
Mean 133.35 142.90 138.10 151.27 145.68
Median 127.27 139.27 136.50 127.68 127.98
Standard Error 11.33 10.19 9.02 14.32 12.47
Std. Deviation 70.76 063.62 56.34 89.45 77.90
Variance 5,007.02 4,047.15 3,174.27 8,000.86 6,068.65

Range 318.31 263.63 237.51 402.39 317.95
Minimum 41.57 36.81 36.13 44.70 44.53
Maximum 359.88 300.44 273.64 447.08 362.47
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Figure 25 presents the AGB and AGC results of all plots to compate between estimations. Figure 26 shows
the tree number and species constitution of each plot, along with the plot type assigned according to the
species dominance within the plot as dominant broadleaves, conifers or mixed plots. The dominant conifers

plots seem to have similar results than the biometrics.

In contrast, some dominant broadleaved plots have prominent differences: the values from the general
models tend to have bigger values than the estimations from spices specific DBH models. This is especially
distinguished on plots 2,10 and 14, notice than in this plots the species-specific models, even when they are
overestimated, they still have more conservative predictions than general category models. Plot number 7,
17 and 27 showed a different situation; the general models have similar values than the biometric while

species-specific are underestimated.
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Figure 25. The AGB and AGC results per plot calenlated: from the biometric DBH with a red tonne ( named biometric AGB and
AGC), from the DBH estimated from the species-specific DBH-CPA relationship with light blue and light green for the general tree
category relationship (named AGB DBH-CPA and General AGC DBH-CPA). From the DBH estimated from the species-specific
DBH-CD relationship with dark blue for the and light green for the general tree category relationship ( named AGB DBH-CD and
General AGC DBH-CD). A letter is placed below the plot number to identify its plot type according to its dominance was classified B
(broadleaves), C (Conifers) or M (mixed).
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4.6.1. Hypothesis testing

To answer the third hypothesis of this research, the results of the T-test showed no significant difference
between the estimated AGB/ AGC from DBH-CPA relationship and biometric AGB/ AGC (x = 0.05).
Morteover, the T-test proves also no significant difference in the estimated AGB and AGC from DBH-CD
species relationship and biometric-AGB and AGC answering the fourth hypothesis (« = 0.05). The T-test
results for all the cases are presented in Table 24 and Table 25.

Table 24. Results of the T-test: Two-Sample Assuming Unequal Variances for AGB.
t t Critical ~ P(T<=t)

AGB model stat two-tail two-tail
AGB DBH-CPA -0.63 1.99 0.53
AGB DBH-CD -0.33 1.99 0.74
General AGB DBH-CPA | (98 1.99 0.33
General AGB DBH-CD | .73 1.99 0.47

Table 25. Results of the T-test: Two-Sample Assuming Unequal Variances for AGC.

AGC model at woal tvotail
AGC S-DBH-CPA -0.63 1.99 0.53
AGC S-DBH-CD -0.33 1.99 0.74

General AGC DBH-CPA -0.98 1.99 0.33
General AGC DBH-CD -0.73 1.99 0.47

4.7.  Accuracy of AGB and AGC estimates

The scatterplot of model vs biometric AGB and AGC estimations and the statistics overview of the linear
regression are presented in Figure 27. All the cases presented a strong positive correlation (R>0.80) (Table
26 and Table 27). The results from DBH estimations from the species-specific DBH models performed
slightly better than the general-categories DBH models. This can also be appreciated in Figure 27, the dots
from the AGB estimations that used species-specific DBH models are closer to the biometric 1:1 line than
the dots from the AGB estimations that used general species category DBH models.

Moreover, the estimations made from the DBH-CD can explain a higher variance and has lower RMSE
than the estimations from the DBH-CPA models, this can be appreciated on both species-specific and
general category models. Taking the species-specific as an example, it presented an R? of 0.81 and RMSE
= 62.04 ton/ha for AGB, as well as R2? of 0.81 and RMSE of 31.02 ton/ha for AGC. Contrary to DBH-
CPA model whose AGB estimations presented an R? of 0.65 and RMSE of 84.15 tons/ha, along with an
R2 of 0.65 and RMSE of 41.52 tons/ha for AGC. These can also be seen on the scatter plot (Figure 27), the
distance from the line tend to be less in the DBH-CD estimations (darkest dots) than the estimations made
from the DBH-CPA (lightest dots).
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Table 26. Overview of the regression accuracy assessment between Biometric and estimated AGB from all plots.

R , RMSE RMSE RMSD
[ton/ha] % [ton/ha]
AGB DBH-CPA 0.80 0.65 84.15 31.55 87.38
AGB DBH-CD 0.90 0.81 62.04 23.26 64.44
General AGB DBH-CPA | 0.80 0.65 83.00 31.12 110.90
General AGB DBH-CD 0.89 0.80 62.75 23.53 73.39

Table 27. Overview of the regression accuracy assessment between Biometric and estimated AGC from all plots.

R R RMSE  RMSE RMSD
[ton/ha] % [ton/ha]
AGC DBH-CPA 0.80  0.65 41.52 31.14 43.69
AGC DBH-CD 090 0.81 31.02 23.26 32.22
General AGC DBH-CPA | 0.80 0.65 41.50 31.12 55.45
General AGC DBH-CD | 0.89 0.80  31.38 23.53 36.70
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Figure 27. Biometric and estimated AGB ( left) and AGC (right) linear regression. The results at the top are from the estimations using
the general DBH models by tree category ( broadleaves or conifers) and the bottom plots are the estimations with the species-specific DBH

models. The dotted lines indicate the linear regression trend line on each model and, the grey line correspond to the biometric 1:1 line.
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4.7.1. Accuracy of AGB and AGC by plot type

Table 28 and Table 29 present a deeper analysis by differentiating the AGB and AGC estimations results
by plot type when applying the species-specific DBH estimation models. The dominant-broadleaves plots
tend to differ the highest from the biometric AGB and AGC values. Contrarily, dominant-conifer plots,
which estimation results tend to be more consistent. The mixed plots showed higher accuracy and a more
consistent distance from the tendency line compare to the other plots. Also, the AGB and AGC estimations

from the DBH-CD model showed a higher accuracy from all plot types (Figure 28).

Table 28. Overview of the regression accuracy assessment between biometric and estimated AGB per plot dominance type.

Estimation plot 2 R R2 RMSE RMSE RMSD
model applied | type [ton/ha] % [ton/ha]
AGB DBH-CPA | C 11 089 0.79 33.58 15.76 43.80
AGBDBH-CD | C 11 091 0.83 29.77 13.97 37.62
AGB DBH-CPA | B 18 0.68 046  101.77 32.59 111.41
AGBDBH-CD | B 18 0.84 0.71 74.56 23.88 75.08
M
M

AGB DBH-CPA 10 094 0.88 57.57 23.62 67.57
AGB DBH-CD 10 095 091 51.69 21.21 63.84

Table 29. Overview of the regression accuracy assessment between biometric and estimated AGC per plot dominance type.

Estimation plot n R ) RMSE RMSE RMSD
model applied type [ton/ha] % [ton/ha]

AGB DBH-CPA | C 11 0.89 0.79 16.79 15.76 21.90
AGBDBH-CD | C 11 091 0.83 14.89 13.97 18.81
AGB DBH-CPA | B 18 0.68 0.46 50.88 32.59 55.70
AGBDBH-CD | B 18 0.84 0.71 37.28 23.88 37.54
M
M

AGB DBH-CPA 10 0.94 0.88 28.78 23.62 33.79
AGB DBH-CD 10 095 091 25.84 21.21 31.92
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Figure 28. Regression line comparison by plot type. Biometric and model AGB and AGC per plot dominance type (broadleaves, conifers
or mixed). The dotted lines indicate the linear regression trend line on each plot type and, the grey line correspond to the biometric 1:1 line.
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5. DISCUSSION

5.1.  Uncertainties of field-measured parameters

The COVID-19 lockdown made the data acquisition challenging, but it also allowed the innovative use of
everyday technology to do science. High priority was given to the accurate tree location and the crown
shape limits. This required having several sources to cross-check; GPS location lecture, bearing and distance
from the centre plot, pictures, videos and Avenza App with the orthophoto charged on the cellphone.
Complementary, for the tree canopy shape, video and pictures were taken, as well as a manual CPA in a
cellphone screenshot of the orthophoto. We believe that having the orthophoto available on the cellphone
was a big advantage because it enables a comparison with what can be seen on the ground.

5.2.  Quality of UAV point cloud

The development of 3D structures (i.e., DSM, DTM and CHM) from a set of UAV images through SftM
can be done as a semiautomatic process in software, such as Pix4D Mapper. It can also allow you to make
some changes to improve the outcomes. In the case of this research, to achieve the desired quality on the

UAYV outputs, several runs were needed to process the data.

The matching of GCP and CP was done manually. Not all GCPs gave favourable results since the ones
placed in permanent places (i.e. a stone, a corner point or a wooden bar ) were not always easily recognizable
in all images. The best quality outcomes were chosen:3 GCPs were used at this stage to get the absolute
orientation of the 3D point cloud and the camera locations. The process was followed by a quality
assessment using 3 CPs. A standard procedure was followed to process the UAV data (Table 9) and a high
output quality accomplished with minimal georeferencing error and reprojection error (0.126 pixels) after
the Bundle Block Adjustment, which allowed a good detail Orthomosaic (4.64 x 4.64 cm/pixel).

Orientation consistency and rectification were accomplished. Nevertheless, at the edges of the study area,
there is a lower number of overlapping images and some with off-nadir viewing. Also, due to the close
canopy and the GCP number and its distribution, there were some areas with fewer keypoints matches
(Figure 29) which has an effect on the data quality translating in some blur and shift on some tree crowns.

Because we did have access to the orthophoto before sampling, we tried to avoid these specific areas.
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|
Number of overlappingimages: 1 2 3 4 5+

Figure 29. UAV Distribution of overlapping images and Keypoints. (a) Amount of overlapping images. (b) 2D Keypoints between the
images, The more amount of matches, the darker the colour. The red circle is highlighting areas that might have low point density on the
Jollowing processing steps (images from the Pix4D quality report).

5.21.1. Manual digitised CPA and derivation of CD

Crown diameter can be measured from the ground. Generally, the method used is by average, two
measurements, from N-S and E-W direction(Grznarova et al., 2019). Nevertheless, measuring CD from the
ground is time-consuming, and it could also be subjective since it relies on personal perception to identify
the crown edges. It should be kept in mind that just the portion of the crown that is visible from above will
be measured. Previous research has utilised CPA and CD acquired from RGB-UAV images and proved the
feasibility (i.e., Grznarova et al., 2019 ). For this reason, this study used manual on-screen digitised CPA
from the UAV-Orthophoto and, derived CD as in Equation 4. The different autumn colour tones of the

trees benefit on the distinction between species crowns and the edges between neighbours crowns.

The accuracy of CPA and CD measurement from this method depends on the quality of the UAV
Orthomosaic which is not completely uniform along the image. In particular sections of the image was
identified some blur and shift happen (particulatly at the edges of the Orthomosaic)(Figure 29). We tried

not to sample in those sections, yet some Pine tree species were located closer to the edges of the images.
p > Y p g g

Caution and care were taken on how to interpret and delineate individual crown edges on the image. A
group of crowns can be mistakenly considered as a single tree crown, which causes overestimation. On the
contrary, the branches of one tree crown can be wrongly seen as multiple crowns (Hirata et al., 2012).
Moreover, crown characteristics of some species allowed the crown outline to be easier to recognize and
delineate than others. Figure 30 shows the case of Birch in which the leaves and branches architecture made
the crown edges more blurry. It was also observed that the crown shapes of Beech deform into more
irregular shapes than other species. Having the orthophoto on hand while being in the field complements
and helps in double-checking the tree crown edges. Figure 30 presents an example of the species crown
shapes found in the study area.
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Figure 30. Examples of crow shapes and their mannal on-screen digitised CPA.

5.3. DBH estimation from DBH-CPA and DBH-CD models

To build the DBH estimation models. DBH was considered as the dependent variable and is affected by
the independent variables CPA and CD. Previous studies have proved the significant relationship between
DBH and CD as well as DBH and CPA on different forest types (i.e., Brown, 2002; Gering & May, 1995;
Kachamba et al., 2016; Lisein et al., 2013; Niklas, 1992; Panagiotidis et al., 2017; Shimano, 1997; Song et al.,
2010). Many forest science fields and applied forestry activities use a CPA or CD for different situations.
The relationship between them has been documented, and they are mathematically accepted as in Equation
4. No literature was found that compared the accuracy from both of these relationships on DBH estimation.

In each case, linear, logarithmic, quadratic and power functions were considered, and the best fit was
selected in terms of coefficient of determination (R?), root mean square error (RMSE), Root Mean Square
Deviation (RMSD). Quadratic and power functions were the ones that resulted in the models that best
describe the relationship among both parameters (DBH-CPA and DBH-CD): Quadratic for the cases of
Spruce, Douglas, Oak and the general Broadleaves model, and a power function for the cases of Pine, Birch,
Beech and general Conifers model. These coincide with previous studies, of Ketterings et al., (2001) in
which they found that power and polynomial are the functions that most often used to describe the
allometric relationship between several tree parameters. It is also worth noting that, in this study, the
function type of the resulted model was applied for both broadleaves and conifer species.

Nevertheless, authors like Chave et al., (2005), Ketterings et al., (2001) and Shimano (1997) have argued
that polynomial function shape models are biologically unrealistic. CPA often increases proportionally to
the square of the DBH, and even though power function(Chave et al., 2005; Shimano, 1997). However,
higher DBH values will lead to overestimation (Chave et al., 2005). Shimano, (1997) found that as far as the
tree is growing in an open-grown situation, the growth of CPA size (and CD) will slow down as DBH
continue rising, because of an increment in canopy density and competition. Shimano (1997) found that the
DBH-CPA relationship is better described as power-sigmoid. According with what is been previously
mentioned, it is worth emphasising that these models are an empirical relationship and that they have proved
to be able to describe well the DBH variation of the study site conditions. The extrapolation beyond the
DBH ranges used to build the model, and their general applicability to another site must be considered with

caution.
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Sometimes, logarithmic transformations are applied to power functions to linearize the models, reduce the
heteroscedastic and they can even improve the accuracy of the model. In this study, transformations were
not considered since it doesn’t secure the same accuracy when the values are transformed back to the value
that has been estimated, as it is considered to introduce bias when retransformed back to estimation results
(Chave et al., 2005; Zianis & Mencuccini, 2004). Moreovert, the residuals variance plot from both model and
validation didn’t show any patterns (Figure 37, Appendix D).

The selected models (from DBH-CPA and DBH-CD) explained between 71% - 93% of the DBH variability
with an RMSE 3.56- 6.15 cm. As a sign of consistency, when analysing both relationships, the function type
selected as the best fit model was the same one in all species cases as well as the general species categories
(i.e., conifer and broadleaves). Also, the accuracy results showed high similarity. The DBH-CD were slightly
better but notable until the third or fourth decimal.

Each of the selected models was validated using separate datasets through linear regression. The validation
results were consistent with the statistical analysis on the model development. Results show a strong Pearson
correlation between the DBH estimations, from both relationships, and the DBH field measurements (>R=
0.90), except for Birch (R=0.84). The differences in the statistics indicators between the DBH-CPA and
DBH-CD models were not much (Table 20 and Table 21): For most of the species, the difference in the R?
is only in the third or fourth decimal. The RMSE and RMSD have indicated that there is a less mean
deviation of the estimations from DBH-CD models which can be expected by the CD since it was derived
from CPA (Equation 4).

The T-test proved that there was no significant difference between the biometric DBH from ground
measurements and each of the DBH estimations from DBH-CPA and DBH-CD relationships on the case
of all species-specific and general species categories (Table 15 and Table 19).

5.3.1. Broadleaves and conifers general species categories.

The results from this study showed that the general conifers model is higher accuracy than the general
broadleaved model (Table 20). The General conifers DBH-CPA and DBH-CD model had an R? of 0.89
and a validation R? =0.87 and RMSE=4.62cm.

The General broadleaves model was showing an R?= 0.85 and validation results of R?= 0.84 and RMSE=6
cm from DBH-CPA relationship, and R2=0.85 from the model and R2 0.85 and RMSE=5.98 cm from
DBH-CD relationship. These results from general models are capable of explaining a wide variation of
DBH from ecither CPA and CD, with similar accuracy.

The DBH results mentioned are comparable with the findings of Jucker et al., (2017). They got an RMSE
of 16.6cm using ALS to predict DBH from CD from trees across species and forest types. The results are
also comparable with findings of Shimano, (1997), they also reported less residual variance on conifers than
broadleaves on the inverse process (482.9 and 96.6m?) but a slightly higher correlation coefficient R on
broadleaves than conifers (0.93 and 0.86 respectively). As it was mentioned before, broadleaves tend to have
a more asymmetry extent in their crowns than conifers (Loehle, 2016). Getzin & Wiegand, (2007) have even

found a significantly greater asymmetry between the two.

62



EFFECT OF CROWN SIZE AND SHAPE OF DIFFERENT TEMPERATE TREE SPECIES ON MODELLING AGB AND AGC USING UAV IMAGES

Shimano, (1997) also highlighted that after 10-20 cm DBH, there is a pronounced difference in the DBH-
CPA relation, a much higher increasing rate of CPA against DBH in broadleaves while in the case of
conifers, they show an earlier decrease of their CPA. Hence we would expect a pronounced difference in
the slopes from our models but the results of this study did not indicate such a difference. We hypothesised
that the reason relies mainly on the fact that the measured DBH range of this study is half (10-85 cm) of
what they work with (0-140cm).

A t-test was run between both estimations values (the number of observations is similar). No significant
difference was found between conifers and broadleaves estimations when using DBH-CPA relationship (t
Critical two-tail (1.98) = 0.07, p > 0.05) as well as in the case of DBH-CD relationship (1.98) = 0.06, p >
0.05).

53.2. Species-specific DBH estimation models

In temperate forests, the accessibility to light limits the lateral crown growth and crowns grow
asymmetrically to get as much light as possible, the level of plasticity that each species has, will allow them
to adapt. The more plasticity, the more asymmetrical their crowns can deform themselves to remedy the
light availability (Pretzsch, 2014).

There is a lack of consensus on how to measure crown shape flexibility (or deformation according to the
space conditions). As examples, Getzin & Wiegand (2007) determined the crown asymmetry by measuring
the crown radius and the length of the vector between the base of the trunk and the centre of the CPA.
Pretzsch, (2014) calculates it from the quantiles 95% and 5% of the DBH-CPA allometry of several
European species, they calculate a plasticity Raquin (CPL). He estimates the highest plasticity for Beech
(5.1), followed by Silver Fir (4.7), Sessile Oak (4.5), Norway Spruce (4.2), Scot Pine (3.7) and at the end
Silver Birch (2.6).

When comparing the results between species-specific models, the R? indicates the percentage of variance
that can be explained by the model. The more intra-specific variations combine and the stronger the
structural plasticity of a species, the more and stronger variation to the model of DBH-CPA relationship
(Blanchard et al., 2016; Pretzsch, 2014) and the same resulted in the case of DBH-CD (Getzin & Wiegand,
2007; Hemery et al., 2005).

The following is a recap from best to worst DBH modelling accuracy and validation results of this study
per individual species, as well as characteristics of the species that could explain those results. Starting with
the broadleaves species, Oak got the highest results on the modelling results and the validation for both
DBH-CPA and DBH-CD relationship (Table 21), followed by Beech and Birch at the end.

Oak got an R? = 0.90, RMSE = 3.67cm from DBH-CPA model and a validation of R? = 0.92, RMSE =
3.83cm; and from DBH-CD relationship, the model resulted with R? = 0.91, RMSE = 3.62 cm and a
validation with R? = 0.92, RMSE = 3.76cm (Table 21). Our results are similar to Hemery et al., (2005) in
which they reported R2=0.92 with Beech and 0.91 for Oak from a linear regression to predict crown
diameter from DBH. Beech has even higher plasticity than Oak (Pretzsch, 2014; Schréter, et al., 2012), and
this can explain why Oak resulted in higher accuracy numbers than Beech. Also, the Oak crown edges
tended to be easier to identify and define than Beech or Birch. Nevertheless, Oak has been highlighted to
be less tolerant to shade than Beeches, with the tendency to shade their foliage and decrease their visible
CPA (Kono6pka et al., 2010).
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The DBH-CPA model of Beech species resulted with R? = 0.89, RMSE = 5.58 cm and a validation of R? =
0.92, RMSE = 5.07 cm; from DBH-CD model with R? = 0.89, RMSE = 5.63 cm and a validation of R? =
0.92, RMSE = 5.07 cm) (Table 21). Pretzsch, (2014) reported R? of 0.69 and 0.62 for Beech pure stands
and mix stands respectively by measuring more than 2,000 trees. Pretzsch, (2014) compares the DBH-CPA
relationship of Beech, reporting that a tree with 25cm DBH is estimated to occupy 58, 27 or 16 m?
depending on if it is without lateral restriction, medium stand density or almost in a condition of self-
thinning. They also showed that the behaviour in the relationship changes when the Beech is in pure stands

and even in combination with different species.

We have noted that the validation accuracy results on Beech made the species model as the most accurate,
using CPA-CD, between the three broadleaves species. At the same time, and as evidence of Beech high
plasticity, it also has the highest RMSE and RMDS values on its validation. This point is important to keep
in mind when we analyse the AGB/AGC estimations.

Birch resulted with the lowest accuracy on the model and validation even when they are supposed to have
lower plasticity compare to Beech and Oak (Pretzsch, 2014). Our results showed R? = 0.71, RMSE = 4.67
cm from DBH-CPA model and a validation of R? = 0.70, RMSE = 3.66 cm; and R? = 0.71, RMSE = 4.67
cm from DBH-CD model and a validation of R2 = 0.70, RMSE = 3.66 cm(Table 21).

Our results on Birch disagree with Hemery et al., (2005), who reported a comparable accuracy with Birch
and Oak (R?=0.92 and 0.91 respectively). Since these species are not as frequent within the study area, a
possible reason could be due to the small number of individual trees (n= 33 for model and 14 for validation),
making the model more vulnerable to outliers. Another contribution for the low accuracy could be the
human eye since the crown edges were found not as clear compared to the other species.

We used a t-test to compare the DBH estimations between species. The results showed no significant
difference between the estimated DBH of Beech and Oak from DBH-CPA and DBH-CD. Nevertheless,
when compared to each of these species with Birch, there is a significant difference (Table 30 and Table
31). Yet, the number of observations of Birch compared with the rest of the species might influence this
result. Further analysis will be needed.

Table 30. T-test results between the species DBH estimation values from DBH-CPA.

Species df t Stat tt\?v:)iftizzl P(T<;3 two-
Douglas -Spruce 48 0.94 2.01 0.35
Pine- Spruce 39 0.83 2.02 0.41
Douglas -Pine 41 0.18 2.02 0.86
Birch- Oak 38 -5.73 2.02 1.33E-06
Birch- Beech 37 -4.04 2.03 2.63E-04
Oak - Beech 49 1.17 2.01 0.25
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Table 31. The T-test results between the species DBH estimation values from DBH-CD.

Species df t Stat ttgl(;ifti:;l P(T<;3 two-
Douglas -Spruce 48 0.94 2.01 0.35
Pine- Spruce 39 0.83 2.02 0.41
Douglas -Pine 41 0.19 2.02 0.85
Birch- Oak 38 -5.68 2.02 1.59E-06
Birch- Beech 37 -4.03 2.03 2.62E-04
Oak - Beech 49 1.13 2.01 0.267

Between the Conifer species, Spruce got the highest results from the broadleaves species on both DBH
model from DBH-CPA relationship from model and validation, and DBH-CD (Table 21). Followed by
Douglas and lastly, Pine.

Spruce was the species with the highest accuracy model and validation values, from DBH-CPA relationship
with R? = 0.92, RMSE = 3.56 cm from the model and a validation of R2 = 0.92, RMSE = 3.95 cm. In the
case of DBH-CD relationship, with R? = 0.92, RMSE = 3.57 cm from model and a validation of R? = 0.92,
RMSE = 3.89 cm (Table 21). On the first growth stages, the biomass priorities are on growing their
branches and then its foliage. As canopy closure increases, the priority is to keep on growing the diameter
of the stem, and it has a high resilience when partially lose its foliage (Bayer & Pretzsch, 2017; Konopka et
al., 2010). Therefore, CPA of Spruce can growth goes more consistent with DBH. Pretzsch, (2014) reported
R? of 0.82 and 0.74 from Spruce pure stands and on mixed stands respectively by measuring more than
3,000 trees.

Douglas Fir DBH models also resulted in high accuracy, but not as close to Spruce as expected, and it was
even a bit under the general conifers DBH models. It resulted with R? = 0.86, RMSE = 5.56 cm from DBH-
CPA model and a validation of R? = 0.83, RMSE = 7.39 cm along with R? = 0.86, RMSE = 5.55 cm from
DBH-CD model and a validation of R? = 0.83, RMSE = 7.29 cm(Table 21). The reason can be because the
species is known for its fast growth and its crown shape flexibility according to space availability (Seidel et
al., 2016). Douglas Fir species also has the distinction that, as it grows, their branches get thinner and larger,
creating characteristic vertical gaps (Seidel et al., 20106), hence increasing asymmetric from their bottom

down view.

Pretzsch’s, (2014) ranking system gives Silver Fir a higher plasticity value than Spruce and Pine (assuming
the same ranking value on Silver Fir is comparable to Douglas Fir for its feature similarities. Douglas fir was
not included in that study). Moreover, the variation on Douglas Fir was much higher compared to Pine and

Spruce and, in general, is considered as a high plasticity species.

In the case of Pine, with R2 = 0.78, RMSE = 4.15cm from DBH-CPA model and a validation of RZ = 0.82,
RMSE = 4.87c¢m; and from DBH-CD model with R? = 0.78, RMSE = 4.15cm and a validation of R2 =
0.82, RMSE = 4.87cm (Table 21). Besides having a small number of Pine trees (n= 38 for model and 17 for
validation) like in the case of Birch, Pine trees were located mostly in regions where the orthophoto quality
was not the best. The results of this study are comparable to the study of Sharma et al., (2017) which got
validation of R? = 0.69; RMSE = 0.66 on the opposite process, they estimated crown width of Scot Pine
from DBH. They highlight Scot Pine as light-demanding but highly adaptable to different conditions across
Europe and the diverse silvicultural management techniques, and their ‘high’ morphological plasticity gives
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them high variability in their stem and crown forms and size (Sharma et al., 2017). Contrastingly, Pretzsch’s,

(2014) gives Pine a lower plasticity ranking compare to other species.

There were no significant differences between the estimated DBH of Spruce and Douglas Fir, Spruce and
Pine as well as, Douglas Fir and Pine from both DBH-CPA and DBH-CD relationships (Table 30 and
Table 31).

Regardless that canopy density and competition can differ within a study site (intra-site variability), DBH
species-specific models can help by describing interspecific properties in the crown morphology changes
and, their response to the external factors. These DBH estimations models in this study were able to
efficiently simplify the variations that atfect the DBH-CPA and DBH-CD relationship to make the DBH
predictions from UAV- RGB —images practical and applicable.

54. AGB and AGC estimates

The DBH from the trees within 39 plots were estimated from the DBH-CPA and DBH-CD models and
then used as input to the allometric equations to assess AGB and AGC. To better analyse the effect of DBH
estimations on AGB/AGC, all the AGB allometric equations used in this research have DBH as the only
explanatory variable. Since DBH has proven as the variable that is highly related to AGB, therefore, it is
considered acceptable to use this variable alone for an accurate AGB estimation (Ketterings et al., 2001;
Magnussen & Reed, 2015; Picard, 2012; Zianis et al., 2005). DBH also has the advantage of being easy to
be measured in the field with high accuracy and giving a highly trusted reference value to compare with

when using remotely sensed data to estimated DBH.

The difference in age of trees and its density caused vatiation in the AGB/AGC between plots. The AGB
estimations from species-specific models were on a range between 73 -600 tons/ha from AGB DBH-CPA
and between and 72- 547 ton/ha from AGB DBH-CD. Also, when applied both general DBH models
(conifers and broadleaves), the ranges were 89- 894 and 89-724 tons/ha using AGB DBH-CPA and AGB
DBH-CD, respectively (Appendix D). Notably, there are some plots with a large discrepancy from the field
AGB, specifically looking at plot 2, 7, 10, 14, 17 and 27. Except for plot 17, all of them are dominated by
broadleaves trees. Further analysis was done to explain these cases.

The AGB/AGC from field measurements (observed) were plotted against the estimations, placing them on
the Y and X respectively according to (Pifieiro et al., 2008)(Figure 27). The accuracy of the AGB/AGC
estimations was analysed by linear regression and the statistical indicators (Table 26 and Table 27). They
showed very similar accuracy results between the estimations of General species categoties and species-specific
DBH models. The species-specific AGB DBH-CD model presents the highest accuracy and the less RMSE
and RMSD, closely followed by the general AGB DBH-CD model. In Figure 27, the dots from the AGB
species-specific estimations look closer to the biometric 1:1 line than the AGB estimations that used the
general species category DBH models, especially looking at the estimation dots that are the farthest from

their biometric value. The residuals variance can also be seen in Figure 38 on Appendix E.

The t-test showed no significant difference between the estimations in AGB and AGC from each of the
models and the biomettic AGB/AGC (Table 24 and Table 25). Howevert, the statistical indicators show
that the estimations made from the AGB estimations from species-specific DBH-CD models can explain a
higher variance and has the lowest RMSE (R2 = 0.81; RMSE = 62.04 ton/ha). Contrary, the species-specific
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estimations from the DBH-CPA model (R2 = 0.65) got the highest RMSE= 84.15 tons/ha, slightly more
than the general DBH-CPA model.

Moreover, since it was used a uniform conversion factor, AGC results showed the same behaviour as in
AGB estimations with an RMSE was reduced around half. Where the highest estimations are also from
species-specific DBH-CD models with an R2=81 and RMSE=31.02 ton/ha and 23.26% RMSE. The AGC
accuracy results are comparable to Jayathunga et al., (2018), they combined UAV-SfM with LIDAR DTM
reported a mean prediction of 82.0 with RMSE 15.5 [Mg C/ha] and % 18.9 RMSE% on estimating carbon
stock from a fixed temperate forest.

54.1. Analysis by plot type

Further analysis was made on the effect of the species-specific DBH estimation models, building the
regression line by plot type (Figure 28). Figure 31 presents the localization of the plots by type. The results
from dominant conifer plots (R2= 0.79 and RMSE= 33.58 ton/ha on AGB DBH-CPA and R?= 0.83 and
RMSE= 29.77 ton/ha on AGB DBH-CD (Table 28 and Table 29).

In the case of mixed plots (R2= 0.88 and RMSE= 57.57 ton/ha on AGB DBH-CPA and R?= 0.91 and
RMSE= 51.69 ton/ha on AGB DBH-CD) resulted with the highest accuracy among the tree plot types.
This is attributed to the fact that these plots have a similar number of trees per plot, and we assume less
variation in CPA and CD in relation to DBH. It could be that these plots just have one or two more
dominate trees with an overestimated CPA and CD, but that may not be the case for the majority of the
trees in the plot. It could also be that the balance from the underestimated and overestimated trees favour
the final result. Another reason could be that the crown boundaries of the mixed plot could be better
recognisable from the image. Further analysis would be needed on this point.

Dominant broadleaves plots resulted with an R2= 0.46 and RMSE= 101.77 ton/ha on AGB DBH-CPA
and R2= 0.71 and RMSE= 74.56 ton/ha on AGB DBH-CD. To find an explanation from the results on
this plot type, we did a deeper analysis on section 5.5.2 on the plots whose estimations differ the most with
the biometric AGB/AGC.

Previous studies on mixed temperate forest like the one that was reported by Jayathunga et al., (2018), they
estimate AGC on plots with different characteristics about tree-age, species dominance and management
activities. The accuracy variations between plot types were between 7.6% RMSE on young conifers and
35.8% on reserve forest plots. The young broadleaves plot presented 22.9% while the dominant broadleaves
plots reported a 10.7 RMSE% and the dominant conifer reported 14.5% (on the last two plot types,
harvesting and silvicultural activities are done).
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Figure 31. Location of plots types within the study area.

5.4.2.  Extreme plot cases
Extreme cases happened only in six plots (i.e., 2, 7, 10, 14, 17 and 27) in the issue of estimating AGB, more
particularly on the low accuracy in dominant broadleaves plots which was due to error propagation from
individual tree AGB estimations into tons/ha. Therefore, we did a linear regression for each tree species.

When there is a high density, the crown size would be smaller than expected by the DBH-CPA model and
this lead to an underestimation of the DBH and therefore an underestimation on the AGB/AGC (i.e. plot
7, 14,17 and 27). On the contrary, when there is a crown without any space restriction, an overestimation
of the DBH and therefore also in AGB/AGC would happen. This is the case of plot 2 and 10, composed
by mainly Beech open-grown trees with an outstandingly big canopy size in relation to their DBH compared
to other plots. The effect is similar to the DBH estimations from DBH-CD relationship but, their DBH
estimations lead to an AGB/AGC values with less difference compare to the biometric AGB/AGC.

The mentioned plots situation is extreme cases, where the difference between estimated and observed value
are high (except for plot 17). In all of the plots, Beech is the most frequent tree within the plots. We did the
AGB/AGC accuracy using linear regression on a tree base (Figure 32 and Figure 33) and verify that the
RMSE and RMSD of Beech AGB estimations ate higher than any other species (Table 32 and Table 33).
As an example of its high sensitivity, we include an extra linear regression of Beech without the trees within

plots two and ten ( which are mainly stand-alone trees), the results change prominently.

Table 32. Linear regression results from the AGB Accuracy assessment on a tree base from the DBH-CPA relationship.

RMSE RMSE RMSD

Species N R R [kg/tree] % [kg/tree]
Spruce 78 0.94 0.89 172.87 19.32 179.42
Douglas 81 091 0.84 34591 31.02 347.84
Pine 52 0.81 0.66 201.86 28.26 212.07
Birch 44 074 0.5 125.07 42.34 131.94
Oak 91 093 0.87 300.48 2591 318.47
Beech 85 0.68 047 120629  52.54 1674.01
Beech without

78 0.88 0.78 788.26 35.75 790.43
p2 and p10
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Table 33. Linear regression results from the AGB Accuracy assessment on a tree base from the DBH-CD relationship.

X RMSE RMSE RMSD
Species N R 2
[kg/tree] % [kg/tree]
Spruce 78 094 0.89 175.34 19.60 180.56
Douglas 81 091 0.83 353.19 31.68 356.76
Pine 52 0.81 0.66 201.86 28.26 212.07
Birch 44 0.74 0.55 125.07 42.34 131.94
Oak 91 093 0.86 304.34 26.24 313.84
Beech 85 0.68 0.47 1206.29 52.54 1674.03
Beech without
78 0.88 0.78 788.26 35.75 790.43
p2 and p10
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In summary, Beech species-specific models (DBH-CPA and DBH-CD) are more sensitive to tree density
and space availability, which is related to its high plasticity, hence limiting the model application. When
focussing on the extreme underestimation plots, the AGB estimations from the general DBH-CD model

results are closer to the biometric than the species-specific models.

Due to the crown morphology and their species plasticity, the dominant broadleaves deal with higher
variation and, therefore, the AGB using DBH-CPA model have lower accuracy than the DBH-CD model.
In this study, we have proved that it was caused mainly by the effect of Beech species. In those cases, the
species-specific DBH-CD relationship can better overcome the broadleaves crown size variation and
estimate the AGB/AGC with higher accuracy than DBH-CPA.

This study considers that although all DBH models lead to results with no significant differences from field
measure DBH, the DBH estimations from the species-specific DBH-CD has proven to be able to better
describe and overcome the variations from exogenous environmental factors. Only in the case of Beech, it
is advised to use the general DBH-CD model to better estimate AGB rather than the species-specific.
Nevertheless, further analysis needs to be done on Beech species to improve the applicability of the DBH

estimations.

5.5. Recommendations

To improve the DTM accuracy is advisable to use more and well-distributed GCPs using markers and also
to consider the manual or semi-manual classification of the point cloud to ensure that all points classified

as “ground” are at ground level.
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6. CONCLUSION

The main objective of this research was to analyse the effect of the shape and size of the crown area of
temperate forest tree species and how they affect the AGB and AGC estimations when UAV images are
used. It was done by using UAV-RGB images to build DBH estimation models from the DBH-CPA and
DBH-CD relationships of six species. Further, this study analysed the effect of these models to estimate
above-ground biomass (AGB) and aboveground cartbon stock (AGC). To our knowledge, there is no
previous study with this approach.

The original contribution of this research is based not only on its novelty but also in the following: The
DBH estimations models were able to efficiently simplify the variations that affect the DBH-CPA and
DBH-CD relationship to make practical and applicable prediction of DBH and further the ABG/AGC
estimations using UAV RGB images. Both relationships estimate DBH with no significantly different from
field measure DBH. Nevertheless, the DBH estimations from the species-specific DBH-CD was proved to
be able to better describe and overcome the variations from exogenous environmental factors. However,
in the case of Beech species, further analysis is needed to improve the DBH estimations. The conclusions

are organised in answering the research questions of this study:

RQ. 1.1 What is the relationship between CPA and field measured DBH of conifers and
broadleaves species in general categories and specific species?

By manually on-screen digitised CPA from Orthomosaic, this study found that the quadratic and power
functions models are the best explaining the relationship between CPA and DBH. In the case of Spruce,
Douglas Fir, Oak and the general Broadleaves, the quadratic model is the best. While in the case of Pine,
Birch, Beech, and general Conifers is the power model. The models showed high accuracy (R? >80 i.e., 0.93,
0.91, 0.89, 0.85), except for Pine (R =78) and Birch (R? =71).

RQ. 1.2 Which specific specie presents the highest accuracy in assessing DBH through CPA?

The model validation was done using an independent dataset. All species-specific DBH models and general
species category models, the t-test showed no significant difference between the estimated values and the
biometric DBH (< t-Critical (P > 0.05). Spruce was the species with highest accuracy results (R = 0.92,
RMSE = 3.95cm). In the case of the broadleaves, Oak presented the highest results between the species-
specific models (R2 = 0.92, RMSE = 3.83 cm).

However, there is no significance difference between the estimations of Spruce — Douglas (t(48)= 0.94 , p=
0.35, p > 0.05), Spruce- Pine (t(39)= 0.83, p= 0.41, p > 0.05), and Pine-Douglas (t(41)= 0.18, p= 0.86, p >
0.05). In the case of broadleaves species, between Oak and Beech the estimation results showed no
significant difference (t(49)= 1.172, p= 0.25, p > 0.05). The comparison between the estimations from
Birch-Oak and Birch-Beech was found significantly different (¢(38)= -5.73, p= 1.33E-006, p< 0.05) and
(t(37)= -4.036, p= 2.63E-04, p < 0.05) respectively.

RQ. 2.1 What is the relationship between CD and field measured DBH of conifers and broadleaves
species in general categories and specific species?
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The tree CD was derived from the CPA and plotted against DBH to build the DBH-CD relationship. Power
and Quadratic were the types of functions that best describe the relationship between variables ( with the
highest R? and lower RMSE and RMSD). With the exception of Pine (R? =78) and Birch species (R? =71),
the selected model showed high accuracy (R? >80 i.e. 0.93, 0.91, 0.89, 0.86). The quadratic model fiction
was the best on Spruce, Douglas Fir, Oak and the general Broadleaves. While Pine, Birch, Beech and general
Conifers were the power model. In this sense, the selected function type for all cases were on agreement
with the DBH-CPA models. Moreover, the accuracy results were very similar between the two models with
slightly better accuracy results by the DBH-CD models.

RQ. 2.2 Which specie shows the highest accuracy in assessing DBH from CD?

The model validation was done using the independent dataset, for all species-specific models and general
species category models, the t-test showed no significant difference between the estimated values and the
biometric DBH (< t-Critical (P > 0.05). In the case of conifers species, Spruce was the species with the
highest accuracy results (R? = 0.93, RMSE = 3.90 cm). In the case of the broadleaves species, Oak presented
the highest results between the species-specific models (R? = 0.92, RMSE = 3.76 cm).

As in the case of DBH-CPA, there was no significance difference between the estimations of Spruce —
Douglas Fir (¢(48)= 0.94 , p= 0.35, p > 0.05), Spruce- Pine (¢(39)= 0.83, p= 0.41, p > 0.05), and Pine-
Douglas Fir (t(41)= 0.19, p= 0.85, p > 0.05). With the broadleaves species, Between Oak and Beech the
estimation results showed no significant difference (¢(49)= 1.12, p= 0.27, p > 0.05). While, the comparison
between the estimations from Birch-Oak and Birch-Beech was found significantly different (t(38)= -5.68,
p= 1.59E-06, p < 0.05) and (t(37)= -4.04, p= 2.62E-04, p < 0.05) respectively.

RQ. 3.1 What is the accuracy of modelled AGB and AGC derived from UAV images compared to
field measurements?

The AGB estimation results both from general and species-specific models showed very similar accuracy
results. The t-test showed no significant difference between the estimations of AGB and AGC from each
of the models and the biometric AGB/AGC (p > 0.05). When comparing between the statistical indicators
from the linear regression, the AGB estimations from species-specific DBH-CD models can explain a
higher variance with the lowest RMSE (R2 = 0.81; RMSE = 62.04 ton/ha). It also got the highest p-value
= 0.74. The species-specific estimations from the DBH-CPA model (R? = 0.65) got the highest RMSE
(84.15 tons/ha), which is slightly higher than the general DBH-CPA model [tons/ha].

Since we have used uniform conversion factor, AGC results showed the same behaviour as in AGB
estimations with an RMSE reduced around half. the estimations from the species-specific DBH-CD models
explained higher variance with the lowest RMSE (R? = 0.81 ; RMSE = 31.02 ton/ha).

RQ. 3.2 Which plot type (broadleaved, conifers or mixed) specie shows high accuracy in
estimating its AGB/ AGC?

By applying the species-specific DBH models. Mixed plots presented the highest accuracy (R2 = 0.91;
RMSE = 51.69 ton/ha from DBH-CD and R2 = 0.88; RMSE = 57.57ton/ha from DBH-CPA). It was
followed by the conifers plots (R2 = 0.83; RMSE = 29.77 ton/ha from DBH-CD and R2 = 0.79; RMSE =
33.58 ton/ha from DBH-CPA). Broadleaves plots got the lowest accuracy results with R2 = 0. 46; RMSE
=101.77 ton/ha from DBH-CD and R2 = 0.71; RMSE = 74.56 ton/ha from DBH-CPA).
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In the case of AGC, the results were similar, the mixed plots resulted with the highest accuracy R2 = 0.91;
RMSE = 25.84 ton/ha from DBH-CD and R2 = 0.88; RMSE = 28.78 ton/ha from DBH-CPA). It was
followed by the conifers plots: R2 = 0.83; RMSE = 14.89 ton/ha from DBH-CD and R2 = 0.79; RMSE =
16.79 ton/ha from DBH-CPA. Broadleaves plots have also got the lowest accuracy results with R2 = 0. 46;
RMSE = 50.88 ton/ha from DBH-CD and R2 = 0.71; RMSE = 37.28 ton/ha from DBH-CPA.

RQ. 3.3 Which DBH estimation model performed better on the AGB and AGC estimations?

Species-specific DBH-CD was the one that best performed on the estimation of AGB and AGC of all the
plots measured according to the accuracy assessment. Moreover, the study site has variations in tree density
and canopy density. It was found that Species-specific DBH-CD was the best overshoot the extreme cases.
In this research, Beech was found to have some high extreme outliers, due to its high plasticity, that resulted
in hight variation is the model. Beech DBH was the only species which was described best by the general
category of broadleaves model. We consider than this species might need further research with a more

robust and wider range of canopy density.
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8. APPENDIX A. Table sheet of fieldwork data collection

Figure 34: Fieldwork datasheet

9. APPENDIX B. UAV camera settings and quality report
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Figure 35: Camera and drone images setting onPix4Dcapture application.




Summary
Project S_result
Processed 2020-04-04 00:15:14
Camera Model Name(s) FC330_3.6_4000,3000 (RGB)
Average Ground Sampling Distance (GSD) 464cn/183in
Area Covered 0.790 km?2/79.0145 ha /031 sq. mi. / 195.3501 acres
Tirme for Inital Processing (without report) 01h:02m:18s
Quality Check
@ Images median of 57568 keypoints per image (v ]
@ pataset 807 out of 807 images calibrated (100%), all images enabled (v ]
(2 camera Optimization 0.08% relative difference initial and optimized i camerap (v )
(@ Matching median of 312271 maiches per calibrated image (]
@ Georeterencing yes, 3 GCPs (3 3D), mean RMS ermor=0m (v ]
® Preview

Figure 1: O and the sparse Digital Surface Model (DSM) before densification.

Figure 36. Summary of the UAV quality report
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10. APPENDIX C. Plots characteristics configuration

* Plot 24 was eliminated because the bad weather didn’t allow to finalize the measurements.

Plot Total tree

No. No. B no Cno Dominant species Plot type
1 7 4 3 Oak/Spruce Mixed
2 6 4 2 Beech/Spruce Broadleaves
3 8 4 4 Pine Mixed
4 15 14 1 Birch Broadleaves
5 13 13 0 Beech Broadleaves
6 8 8 0 Beech Broadleaves
7 14 14 0 Beech Broadleaves
8 14 0 14 Douglas Broadleaves
9 13 1 12 Spruce Conifers
10 7 7 0 Oak/Beech Broadleaves
11 6 4 2 Oak Broadleaves
12 15 14 1 Birch/Oak Broadleaves
13 10 10 0 Beech/Oak Broadleaves
14 11 10 1 Beech Broadleaves
15 9 2 7 Douglas Broadleaves
16 16 3 13 Douglas Conifers
17 17 8 9 Douglas/Beech Mixed
18 19 11 8 Pine/Oak Mixed
19 17 12 5 Beech/Birch Broadleaves
20 14 8 6 Pine/Birch Mixed
21 20 15 5 Birch Broadleaves
22 11 0 11 Douglas Conifers
23 7 0 7 Douglas Conifers
25 13 4 9 Spruce/Oak Mixed
26 15 1 14 Douglas/Larch Conifers
27 9 9 0 Beech Broadleaves
28 9 0 9 Spruce Conifers
29 14 1 13 Spruce Conifers
30 8 4 4 Oak/Spruce Mixed
31 12 5 7 Spruce Mixed
32 11 8 3 Oak Broadleaves
33 12 0 12 Pine Conifers
34 8 4 4 Oak/Pine Mixed
35 11 2 9 Pine Conifers
36 12 1 11 Douglas Conifers
37 8 6 2 Oak Broadleaves
38 8 7 1 Oak Broadleaves
39 11 0 11 Pine/Larch Conifers
40 6 3 3 Oak/Pine Mixed
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11.

Conifers : DBH

Douglas : DBH

Pine : DBH model

Broadleaves : DBH

models and validation

< DBH-CD © DBH-CPA

APPENDIX D. Residuals variance from DBH estimation
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Birch : DBH model

Oak : DBH model

Beech : DBH
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Figure 37. Residual variance from the DBH muodel building( left) and validation right).
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12. APPENDIX E. AGB and AGC residuals variance

Gm A Sm —
500 - 250 -
400 - ®
=
~ : | ~
£300 -
- [e—
200 B 2
o S
S0 W, M @ 2
@ L4 . ey Q 300 g7 400
3100 L 600 g7 800 -3 :"
200 4 om -100 - e
300 J Biometric AGB [ton/ha] -150 - Biometric AGC [ton/ha]
M General AGB DBH-CD General AGB DBH-CPA m General AGC DBH-CD General AGC DBH-CPA
® AGB DBH-CD AGB DBH-CPA = AGCDBH-CD AGCDBH-CPA

Figure 38. AGB and AGC Residual variance from linear regression.
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Figure 39. linear regression residuals from AGB and AGC for plot type.
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13.

APPENDIX F. AGB and AGC results per plot

Table 34. AGB/ AGC biometric and estimation results of each plot.

2| .5 |8 8 = LT |8 &8 =

g g o|¢ JEZ|ES | 8 §¢ gEZ[ES|Z 43 §
S|z o £ 3 £l 998125 | .8 %828 a8 |RAE| B8 5.5
s 8 |22 £% || E85%F |85 |iEf G 759588 85 |fEd %4
A = m | o A & A | R<4Y <0 | <0 | oA AR A< <0 | <0 | oAy oAQ
1 7 413 Oak/Spruce | N1 | 9256 | 8674 | 93.93 | 8955 | 90.81 | 46.28 | 4337 | 4697 | 4477 | 45.40
2 6 4 | 2 | Beech/Spruce | B | 33344 | 600.88 | 466.64 | 894.17 | 672.68 | 166.72 | 300.44 | 23332 | 447.08 | 336.34
3 8 4] 4 Pine M | 12012 | 167.60 | 157.54 | 15350 | 14545 | 60.06 | 83.80 | 78.77 | 76.75 | 72.73
4 15 ] 1411 Birch B | 10508 | 73.62 | 7226 | 89.40 | 89.05 | 5254 | 36.81 | 3613 | 44.70 | 44.53
5 1311310 Beech B | 386.73 | 319.77 | 344.77 | 42837 | 443.54 | 193.37 | 159.88 | 172.39 | 214.18 | 221.77
6 8 8 | 0 Beech B | 413.63 | 336.14 | 33817 | 453.44 | 443.60 | 206.81 | 168.07 | 169.08 | 226.72 | 221.80
7 14 11410 Beech B | 719.76 | 533.41 | 547.27 | 732.50 | 724.94 | 359.88 | 266.71 | 273.64 | 366.25 | 362.47
8 14 0 | 14 Douglas B | 41242 | 48457 | 42473 | 416.83 | 380.50 | 206.21 | 242.29 | 212.37 | 208.42 | 190.25
9 13 L] 12 Spruce C | 286.95 | 275.00 | 272.99 | 288.00 | 283.34 | 143.47 | 137.50 | 136.50 | 144.00 | 141.67
10 7 710 Oak/Beech | 5 | 30449 | 51132 | 41829 | 643.24 | 520.88 | 152.24 | 255.66 | 209.15 | 321.62 | 260.44
11 6 4] 2 Oak B | 157.05 | 208.18 | 204.11 | 177.65 | 180.15 | 78.53 | 104.09 | 102.06 | 88.83 | 90.08
121 15 | 14| 1 Birch/Oak | g | 24853 | 27855 | 287.52 | 267.53 | 272.88 | 124.27 | 139.27 | 143.76 | 133.76 | 136.44
13| 10 |10 ] 0 Beech/Oak | g | 279,64 | 412.97 | 353.06 | 321.05 | 299.08 | 139.82 | 206.49 | 176.53 | 160.53 | 149.54
14 11 101 Beech B | 422.09 | 395.30 | 403.95 | 531.60 | 525.75 | 211.04 | 197.65 | 201.98 | 265.80 | 262.87
15 9 2 17 Douglas B | 16048 | 284.13 | 277.29 | 23037 | 237.84 | 80.24 | 142.07 | 138.64 | 115.18 | 118.92
16| 16 313 Douglas C | 187.46 | 260.89 | 261.60 | 218.28 | 229.09 | 93.73 | 130.45 | 130.80 | 109.14 | 114.55
17| 17 8 | 9 | Douglas/Beech | N | 67457 | 503.78 | 504.11 | 59534 | 589.27 | 337.28 | 251.89 | 252.06 | 297.67 | 294.64
8 19 | 11] 8 Pine/Oak M | 381.48 | 382.80 | 391.70 | 349.34 | 359.88 | 190.74 | 191.40 | 195.85 | 174.67 | 179.94
| 17 1275 Beech/Birch | 5 | 20575 | 158.56 | 167.86 | 211.51 | 210.87 | 102.87 | 79.28 | 83.93 | 105.76 | 105.43
20 | 14 8 | 6 Pine/Birch M | 17271 | 16355 | 169.73 | 162.12 | 16453 | 86.36 | 81.77 | 84.86 | 81.06 | 82.27
2020 | 15] 5 Birch B | 191.84 | 231.35 | 208.63 | 25537 | 22436 | 9592 | 115.67 | 104.32 | 127.68 | 112.18
22 11 0 | 1 Douglas C | 282,07 | 281.98 | 275.76 | 254.61 | 255.97 | 141.04 | 140.99 | 137.88 | 127.30 | 127.98
23 7 017 Douglas C | 20226 | 298.65 | 262.42 | 257.15 | 235.89 | 101.13 | 149.33 | 131.21 | 128.57 | 117.94
251 13 419 Spruce/Oak | A1 | 291,65 | 35271 | 342.67 | 324.67 | 321.58 | 145.83 | 17636 | 171.34 | 162.34 | 160.79
26 15 1 | 14 | Douglas/Larch | ¢ | 31034 | 338.66 | 325.99 | 309.76 | 304.26 | 155.17 | 169.33 | 162.99 | 154.88 | 152.13
27 9 91 0 Beech B | 437.18 | 336.87 | 365.50 | 457.17 | 481.60 | 218.59 | 168.43 | 182.75 | 228.59 | 240.80
28 9 019 Spruce Ci | 11523 | 12622 | 134.13 | 13317 | 137.85 | 57.61 | 63.11 | 67.07 | 66.58 | 68.92
29| 14 1|13 Spruce C | 183.89 | 21441 | 209.42 | 198.76 | 197.06 | 91.95 | 107.20 | 104.71 | 99.38 | 98.53
30 8 4| 4 Oak/Spruce | N | 17441 | 151.10 | 153.63 | 15713 | 15556 | 87.21 | 7555 | 76.81 | 78.56 | 77.78
31 12 517 Spruce M | 270.95 | 229.06 | 248.64 | 249.63 | 264.29 | 135.48 | 114.53 | 124.32 | 124.82 | 132.15
320 1 8 | 3 Oak 31739 | 303.16 | 288.90 | 314.74 | 299.59 | 158.69 | 151.58 | 144.45 | 157.37 | 149.79
3 12 0|12 Pine C | 201.79 | 16645 | 173.20 | 156.14 | 15529 | 100.90 | 83.23 | 86.60 | 78.07 | 77.64
34 8 4] 4 Oak/Pine M | 121.03 | 185.26 | 186.12 | 175.76 | 171.33 | 6051 | 92.63 | 93.06 | 87.88 | 85.67
35 1 219 Pine C | 17937 | 19811 | 210.33 | 180.78 | 186.99 | 89.69 | 99.06 | 10517 | 90.39 | 93.50
36 12 | n Douglas C | 311.04 | 347.12 | 337.78 | 309.13 | 307.46 | 155.52 | 173.56 | 168.89 | 154.57 | 153.73
37 8 6 | 2 Oak B | 27046 | 346.66 | 309.35 | 271.32 | 262.77 | 135.23 | 173.33 | 154.67 | 135.66 | 131.39
38 8 71 Oak B | 25454 | 27773 | 262.27 | 253.72 | 251.12 | 127.27 | 138.87 | 131.14 | 126.86 | 125.56
%] 1 0|1 Pine/Larch | ¢ 83.14 | 122.18 | 132.85 | 118.18 | 123.89 | 41.57 | 61.09 | 6642 | 59.09 | 61.95
40 6 313 Oak/Pine M | 13755 | 200.52 | 186.73 | 168.05 | 161.86 | 68.78 | 100.26 | 93.36 | 84.03 | 80.93
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