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Master Thesis

Abstract
In forestry it is important to have accurate information about the forest.
LiDAR (laser scanning) can be used to scan vast areas of forest and from the
data extract information about the trees. The purpose of this thesis is to
develop a simulator for LiDAR data. The simulator will be tested on a method
for tree localization (Holmgren and Lindberg, 2013) to see how parameters like
tree density and laser frequency effects the accuracy of the localization. First a
simulator which uses simple shaped trees (in the shape of cones) is written.
Later on a tree model based on real laser data is created by the use of
histogram density estimation. Ray-tracing is used to simulate the LiDAR data
which the trees give rise to. This is done by following each ray of laser and see
where it is reflected. The tree localization method is tested on the data and we
report the following findings: 1. The percentage of correctly located trees
decreases with increasing tree density. 2. Larger trees yields an increase in
false trees found by the localization method. 3. Higher laser pulse density
decreases the number of false trees. 4. The minimum radius at which the
localization method start fitting ellipsoids greatly effects the number of false
trees. Smaller radius yield more false trees.
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1 Introduction

Forestry and the importance of the forest it self is very high all over the world.
Despite being a relatively small country Sweden is the third greatest exporter
of forest goods in the world. In 2016 the forest industry was behind 11% of the
export of goods from Sweden according to SCB (2017). The export is essential
for the other countries in Europe.

In the field of forestry it is important to have information about the forest.
Whether you are using the forest for the purpose of forestry or for ecological
research you will be interested in information like:

• What is the density of trees at a certain location

• What is the average height/size of the trees

• What kind of trees there are

The answers to these questions are essential if one wants to make the forestry
profitable or understand the effects on ecological values. Classically one would
have to acquire this information manually.

Light Detection And Ranging (LiDAR) is a system that interprets the light
reflected from a surface to determine the location and other properties of the
surface depending on the characteristics of the reflected light. More specifically,
it emits laser pulses and the reflection from the surface is then registered by
a sensor. The system is described and a overview is given by Wehr and Lohr
(1999) where the reader can go to get a deeper understanding. A laser pulse
consists of several sub beams that typically spreads in a cone from the emitter.
This gives rise to several reflections for each pulse. These reflections need to be
summarized to get a waveform which a coordinate later can be extracted from
(Kukko and Hyyppä, 2009).

One method for scanning with LiDAR is through airborne laser scanning (ALS).
The laser scanner sweeps the area of interest from above and from this reflection
coordinates (or data points) can be extracted. The data points are collected to
create a point cloud from which it is possible to decide the location of the trees
and to some extent also the different species. There are methods that uses the
data received from ALS on canopies to decide where trees are located. Methods
to locate individual tree data from the canopies from ALS data is reviewed by
Holmgren and Lindberg (2017).

A problem that one faces when developing methods for interpretation of the
LiDAR data, is that it has to be tested on real data. One will have to do a real
laser scan which makes it both troublesome to get new data and also makes it
hard to get the data that has the characteristics that one wants to test to verify
the method. This means that there is a need for a way to effectively get new
data where one also easily can change certain properties of the forest/tree area.
This is where this master thesis comes in. The main objective of this master
thesis is to create a simulator for LiDAR data.

Some previous LiDAR simulators, like the one by Deschaud et al. (2012), uses
a surface model (like triangular mesh) to represent trees on the ground. They
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then use ray tracing to calculate where the laser pulse intercepts the target
objective and which objectives are intercepted at all. The simulator described
by Kukko and Hyyppä (2009) focuses on creating a realistic waveform from
the laser, taking into consideration the sub beams of each pulse. Attempts has
been done to capture the complexity of real tree models for the simulations
which is one of the great challenges of simulating LiDAR data. In this thesis a
simulation with cones as easy tree geometry is presented. Later the complexity
of the tree models are tackled by using real tree data to get a probability for
laser reflection at different areas which leads to more realistic trees. The goal
is to create a simulation that the Swedish university of agricultural science can
use when developing methods for interpretation of LiDAR data.

2 Theory

2.1 Airborne Laser Scanning Properties

In this work we used an oscillating and linear scanning pattern of the airborne
laser scanning (ALS) system. Properties of this pattern have been presented by
Baltsavias (1999). The difference between the two can be seen in figure 1 which
illustrates how the pattern of the lasers look on the ground given that they
reach the ground. In the result section the linear pattern will be used because
this is the pattern of the data used by the authors of the localization method
(Holmgren and Lindberg, 2013).

Figure 1: An illustration of a linear and a oscillating scan pattern respectively. The
along path length difference between the swaths ∆xs, the along path length difference
between each pulse ∆xp and the across path length difference between the pulses ∆yp
are depicted.

To get a more homogeneous scan we will aim to get an equal spacing in along-
flight-direction (x) and across-flight-direction (y) between the pulses. The across
flight spacing ∆yp can be calculated like
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∆yp =
2h tan(θ)

N
, (1)

where h is the altitude of the flight, θ is the scanning angle and N the number
of pulses in one swath. ∆yp should be equal to ∆xs in the figure to get a
homogeneous pattern. If h and θ are given, the tools to make ∆yp equal to ∆xs
is the frequency of the swaths Fs and the pulse frequency Fp. This is because

N =
Fp
Fs
, (2)

and

∆xs =
v

Fs
, (3)

where v is the velocity of the flight. As mentioned we strive to make equation
1 and 3 equal. We want

2Fsh tan(θ)

Fp
=

v

Fs
. (4)

In this thesis the altitude of the flight h, the scanning angle θ and the velocity v
will be known which means that the frequencies will be altered to get a desired
pulse density. The pulse density Pd (i.e. pulses per square meter) can be
calculated like

Pd =
Ntot

A
, Ntot =

Fplf
v

, A = 2h tan(θ)lf , (5)

where Ntot is the number of pulses for the whole flight, A is the area which
the pattern covers and lf is the length of the whole flight. Equation 5 can be
written

Pd =
Fp

2vh tan(θ)
. (6)

From this one can choose a desired pulse density and then calculate Fp and Fs.
These can then be used to create the set of pulses which will be used in the
simulation.

2.2 Ray Tracing

Ray tracing is about finding the intersection between a ray (line) and the object
one is interested in. This can be done by first looking at the equation for a line

P (t) = S + tV, (7)
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where S can be seen as the starting position of the line (i.e. when t is zero) and
V is the direction of the line. Both S and V are vectors with x, y, z components.
One starts the tracing by writing down the equation for the object one wants to
calculate the interception with. By exchanging the coordinates in this equation
by the coordinates for the line one can find a t where both equations hold. This is
where the intersection happens. Since the intersection of a cone, a cylinder and
a toroid is used in this thesis these will be the solutions presented as examples
of ray tracing here.

2.2.1 Cone Intersection

The equation for a cone in Cartesian coordinates is on the form

(x− Cx)2 + (y − Cy)2

(rc/h)2
= (z − h)2, (8)

where rc is the base radius of the cone, h is the height from z = 0 to the apex
and Cx, Cy the center coordinates as seen in figure 2.

Figure 2: A cone with the needed parameters to define equation 8 pointed out. One
should note that z = 0 at the base of the cone.

At the intersection with a ray, this equation should yield the same result as
equation 7. Substituting the coordinates in equation 8 yields

(Sx − Cx + tVx)2 + (Sy − Cy + tVy)2

rh
= (Sz + tVz − h)2, (9)

where rh = (rc/h)2. This equation needs to be solved for t. Defining Sx−Cx =
Rx, Sy − Cy = Ry and Sz − h = Rz we can expand the squares and multiply
with rh to obtain
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LHS = R2
x + t2V 2

x +R2
y + t2V 2

y + 2RxtVx + 2RytVy

RHS = (R2
z + t2V 2

z + 2RztVz)rh,
(10)

Putting everything on the left hand side and gathering the coefficients for the
different powers of t results in

at2 + bt+ c = 0, (11)

with

a = V 2
x + V 2

y − V 2
z rh

b = 2RxVx + 2RyVy − 2RzVzrh

c = R2
x +R2

y −R2
zrh,

(12)

which can be solved to obtain

t =
−b±

√
b2 − 4ac

2a
. (13)

From this equation one can deduce properties of a possible interception. The
term D = b2 − 4ac (D for discriminant) will decide the number of real roots.
This is decided like

D > 0⇔ 2 real roots
D = 0⇔ 1 real root
D < 0⇔ 0 real roots.

(14)

Putting the real roots into the equation for the line will give the points of
interception. One will however need to check so that the height of the point
(i.e. the z-coordinate) is within the height of the cone since the cone equation
is defined for larger z and then depicts a cone with increasing radius instead.

2.2.2 Cylinder Intersection

A cylinder can be described by the equation

(x− Cx)2 + (y − Cy)2 = r2c

0 ≤ z ≤ h,
(15)

with the parameters illustrated in figure 3.
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Figure 3: A cylinder with the needed parameters to define equation 15 pointed out.
The base of the cone should be at z = 0.

Substituting with the line equation instead of x and y, and using Rx and Ry to
shorten the expression yields

(Rx + tVx)2 + (Ry + tVy)2 = r2c , (16)

and by expanding the squares

R2
x + 2RxVxt+ V 2

x t
2 +R2

y + 2RyVyt+ V 2
y t

2 = r2c , (17)

which can be written on the form of equation 11 with

a = V 2
x + V 2

y

b = 2RxVx + 2RyVy

c = R2
x +R2

y − r2c .
(18)

The way to calculate the intersection from an equation on this form is explained
earlier. One will need to check so that the intersection lies withing the z values.

2.2.3 Square Cross Section Toroid Intersection

A toroid with square cross section looks like the geometry seen in figure 4. In
the figure the center is placed at x = 0 and y = 0. The toroid can be described
by the four surfaces that builds it. The top and bottom are planes and the
inner and outer circle is described by the inner radius ri and the outer radius
ro respectively.
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Figure 4: A toroid with square cross section. One can see the equations for the four
surfaces that builds the geometry.

The intersection is calculated by implementing the intersection with the cylinder
two times and then checking the z values. This is described in the previous
section.

2.3 Beer-Lambert’s Law

The Beer-Lambert’s law states that the absorbance of a homogeneous material
is proportional to its thickness (Lambert, 1760) and concentration (Lambert,
1852). The law can be written like

A = εlc = αl, (19)

where ε is the absorptivity of the material, c is the concentration and l the
length or thickness which the light travels through the material. If a canopy is
assumed to be homogeneous one can use this to estimate the transmittance (T)
of light in the material. The use of the law as a model for light transmission
through a canopy is first presented by Monsi and Saeki (1953). In the paper
Monsi and Saeki use the model to predict the productivity of plant communities
based on light extinction. The Beer-Lambert law implies that the transmittance
can be calculated like

T = e−αl. (20)

For example if a ray travels 10m through a canopy and we chose α as 0.23 the
transmittance will be

T = e−2.3 ≈ 0.1. (21)

This can be interpreted in such a way that there is a 10% chance that the ray
is transmitted through the whole canopy if it is 10m long.
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The parameter that is interesting in this thesis is the length at which the ray is
reflected. To get this length one can choose a random number [0, 1] and instead
insert this as the T . Using this new T , a length can be calculated and one
can choose this length to be the place where the ray is reflected. If the length
is shorter than 10m the ray is reflected at l and if it is longer the ray is not
reflected inside the canopy.

2.4 Histogram Density Estimation

The histogram density estimation (HDE) is described in the work by Vallin
(2013). It will also be described in this section. HDE is a way to create a
probability distribution from a set of observations. In this thesis the observations
are laser returns from real laser data. Using the HDE, a probability distribution
can be created from this and used to create simulated laser data.

2.4.1 Parametrization

First of all the observations are transformed from ordinary cartesian coordinates
to normalized coordinates: the normalized height a and the standardized dis-
tance to the tree stem d. This was also done by Vallin (2013). Looking at a
coordinate with (x, y, z) elements, the normalized height is calculated as

a =
Z

Zmax
, (22)

where Z is the height and Zmax the maximum height of all coordinates. To find
the standardized distance to the stem, d one starts with calculating the actual
distance to it

ds =
√

(X −Xs)2 + (Y − Ys)2, (23)

where Xs and Ys describes the position of the stem. The distance to the stem
is then divided by the maximum height to get a standardized distance to the
stem

d =
ds
Zmax

. (24)

2.4.2 Probability Partition

Since we will be considering two parameters the domain will be partitioned into
squares (bins). The goal here will be, for every bin, to get a probability that
a random observation (i.e. laser return) will be inside the bin. To do this the
number of observations inside the bin is simply divided by the total number
of observations. Let Yi be the number of observations inside the bin Bi. An
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estimation of the probability of an observation to be in Bi can then be expressed
like

p̂i =
Yi
n
, (25)

where n is the total number of observations.

2.5 Tree localization Method

To test the simulated data we use a tree localization method. The method
chosen is developed by Holmgren and Lindberg (2013), where the reader can go
for a more thorough explanation.

The localization method starts by creating a Digital Surface Model (DSM) which
means that the stand area is split into raster cells. A raster is a way to divide
a continuous area into a discrete one by introducing raster cells (i.e. pixels). In
the DSM each raster cell is given the value of the highest laser return within the
raster cell. If the value is less than 2 m the value is set to zero to avoid lower
vegetation returns.

To avoid raster cells with no laser returns (i.e. a raster value of zero) to be
located inside canopies the raster is closed morphologically. To close the raster
morphologically a binary raster is created where all DSM cells with non zero
values are given the value 1 and the zero valued cells given the value 0. After
this all the cells with zero value is worked through and if the considered cell has
any neighbor (i.e. among the eight bordering cells) with value 1 the cell is given
the value 1 instead of 0. This effect can be seen for a test stand in figure 5. In
the left image one can see the effect of the oscillating scanning pattern. This
results in the lines seen in the data collected. By closing the image most of this
effect can be removed and one can get more distinguishable canopies which is
important for locating the stems (i.e. trees).

Figure 5: Before and after image of the closing of the binary raster. The left image
can be used as reference to know which of the cells in the DSM that should be elevated.
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By giving each filled cell a mean of the eight surrounding cells in the DSM which
are larger than zero one is able to close the DSM.

A correlation raster is then created by going through all the non-zero raster
values. One by one they are tested as the center of an ellipse. This means that
the ellipsoid equation

h(r) = a

√
1−

(r
b

)2
, (26)

where a is the height of the model given as the DSM value of the center cell and
b is the model radius which is changed like b = 0.5, 0.7, ..., 0.3a m. The value
0.3a as maximum radius is the value used by Holmgren and Lindberg (2013).
The exponent in the equation (i.e. 2) describes the shape of the ellipsoid. The
lower the exponent is the sharper the top of the ellipsoid becomes. In the article
by Holmgren and Lindberg (2013), where the localization method is presented
the exponent is chosen as two. The effect of changing the exponent is tested in
this thesis. Also, the effect of changing the minimum radius (i.e. 0.5 m here)
will be investigated.

By considering all the cells within the model radius b different model heights
can be found (i.e. answers to equation 26). This is done by inserting the radius
r of the cell being considered. By comparing these to the heights of the DSM
one can calculate a correlation value. The maximum correlation value found for
a center cell when testing all the different model radii b is set as the value of that
cell in the correlation raster. In figure 6 one can see the resulting correlation
raster from the test stand used in figure 5. From the figure it is possible to see
where the trees should be located with the naked eye. Now it’s all a matter of
making the computer see them.

Figure 6: The correlation raster of the stand seen in figure 5. It is possible to see
the tree locations from the figure.

The correlation raster is segmented by watershed segmentation first presented
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by Beucher and Lantuejoul (1979). This is done by starting a walk in each of
the cells with a value greater than zero. One should always walk to the neighbor
with the highest value. When one has reached a point where no neighbor has a
higher value the walk is done and the current cell is seen as the maximum. One
creates segments by assigning all the cells which results in the same maximum to
the same segment. The segments will be treated as trees and the maxima as the
location of the stems. When using rasters with higher resolution (i.e. smaller
cells) there is a need to merge segments as described by Holmgren and Lindberg
(2013). In their localization method this is done by checking how well the raster
cells within a segment correlate to an ellipsoid with the center at neighboring
segment maxima. If this correlation is higher than for the considered segment
center the segment is merged with the neighbor.

To get a grasp of what this means one can look at it like a branch that stands
out from the tree. This branch forms its own segment but one wants it to be
merged with the tree segment. When the branch points are tested as part of
an ellipsoid with the center at the tree stem they should correlate pretty good
compared to a ghost stem within the branch. This means that the computer
can merge the branch with the tree.

The final segments of the test stand can be seen in figure 7. The stem locations
are marked as circles and will be the coordinates returned by the tree localization
method.

Figure 7: The segments that were located from the correlation raster. The segments
have been merged so that the branches are accounted for. The stems are marked as
circles within the segments.

3 Method

The simulation is divided into two tree models as mentioned. First, trees in the
shape of cones are modeled, and secondly, trees are modeled with histogram
density estimation. In this section the models are presented in turn.
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3.1 Tree placement

For both tree models, the same tree placement method is used. The method
uses randomly distributed coordinates to place the trees but with a balanced
distance to each other. The choice to use randomly distributed coordinates was
made after talking to Anton Grafström at the Swedish university of agricultural
sciences (SLU) in Umeå. Since no special feature was wanted from the tree
placement he recommended that we used randomly distributed trees. The sam-
pling method used to create the balanced random distribution is presented by
Grafström et al. (2012) where the reader can go to learn more. The code that
implements this sampling method is available as an r-package and this is how
it is used in this thesis. From a large point cloud of coordinates the sampling
method can sample a given number of points which have a balanced distance to
each other. This is visualized in figure 8 for points which lies within [0, 1]×[0, 1].
For the trees a large number of points from a uniform distribution is put into
the balanced sampling method and the chosen number of points is then drawn
from this distribution.

Figure 8: Visualization of the balanced sampling method. On the left is an image
with 10000 uniformly distributed points. After implementing the balanced sampling
method the right image is produced with 100 points.

3.2 Trees like Cones and Ellipsoids

This section will describe the full implementation of the trees as the shape of
cones and ellipsoids. First on the actual placement of trees and later on how
the lasers was implemented.

3.2.1 The Creation of a Stand

We created a stand generator which requires a size (in x-direction and y-direction)
and how many cones that should be placed on the plot. The stand consists of a
structure which includes the information needed for each tree. This information
is made up of location (i.e stem location), radius, height, etc.
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3.2.2 Implementing the Airborne Laser Scanning

The airborne laser scanning (ALS) is implemented by creating the rays that
should later be traced for interception.

The flight direction is set to be in the x-direction. By looking at the size of the
stand in y-direction the number of flights needed to cover the whole stand is then
calculated. The rays are then created by finding S and V for a given location of
the flight. For each new ray the position in the flight direction and angle of the
laser is updated. The angle changes between −20◦ and 20◦ according to ALS
information found in Table 1 in the simulation article by Kukko and Hyyppä
(2009).

3.2.3 Creating the Point Cloud for the Laser Returns

Each of the rays are checked for interception with trees. This is done by first
checking where the ray would potentially hit the ground. The tree locations
are then divided into a kd-tree to be able to quickly find out if they are within
reach of the ray. A kd-tree, is a binary search tree presented by Bentley (1975).
By traversing the kd-tree each tree that is located within a certain radius of
the rays interception with the ground is put into a list. The trees in this list is
considered to be possible to have intercepted the ray.

Each of the trees are then checked for interception using ray tracing as described
in section 2.2. There are two types of interceptions considered. Entries into
canopies and exits. By checking the difference between these two a length which
the ray travels through the canopy is calculated. This length is then compared
with a length found by implementing the Beer-Lamberts law with a random
value as described in the Beer-Lamberts section. If the length was within the
canopy this length was used to find the coordinate for the laser return.

3.2.4 Overlapping Canopies

In the case of canopies that overlap one would also receive multiple entries
and exits. By presenting a thickness score that assumes that the thickness is
additive all the different thicknesses can be handled. An entry point increases
the thickness score by one and an exit decreases it by one. In this way all length
interval which were checked for laser returns was also associated with a thickness
score. The chance for the laser to return was increased directly by multiplying
with the thickness score so for two overlapping canopies the chance was doubled
for the length considered.

3.3 Trees with Histogram Density Estimator

In this section the method used for setting up trees using the histogram density
estimator will be described. The trees are estimated as cylinders since this shape
is easy to calculate the intersection for and it naturally can contain the bins if
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rotated as seen in figure 11. If a beam intersects the tree (i.e. cylinder) the
histogram estimator is implemented inside.

3.3.1 The Histogram Density Estimator

To create the histogram one needs to have access to training data. The training
data is provided by Johan Holmgren at the Swedish University of Agricultural
Science and was collected in 2010. The data contains the point cloud for indi-
vidual trees and the species that will be considered here is Norway Spruce and
Scots Pine. This means that one can produce one histogram for each individual
tree. A visualization of the data set of one tree can be seen in the left image of
figure 9.

To keep the individuality of each tree the histograms will be from individual
trees and no average will be calculated. This means that different trees of the
same species will have different histograms. This is done because we want to
keep the unique shape of the trees and some influence from the defining features
like big branches. This would not be possible if training data collected about
pines was put into one histogram as an average. In figure 9 one can see the
difference between using single and average tree data. In the middle image it is
possible to deduce the features of the trees whilst in the right image its a blurry
mess.

To create a histogram all the training data points (i.e. coordinates) for one tree
is assigned to the different bins of the histogram. In figure 9 there are 40 × 40
bins. Each bin is then assigned a value according to equation 25 and this results
in figure 9 which shows the resulting histogram.
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Figure 9: The histograms produced for single tree data and average data respectively.
On the y-axis is the normalized height and on the x-axis the standardized distance
to the stem. In the left figure the data points are presented. In the middle is the
histogram for that set and on the right is the histogram when data points from more
trees are included. White bins means that no observations was located here and with
increasing number of observations the color changes to blue and then green.

3.3.2 Probability of Reflection

The histogram describes the part of the training data that was reflected inside
each bin. From this one can estimate the probability of reflection of each bin.
This starts by letting an imaginary laser pass vertically through the histogram
for a certain standardized distance to stem d. Say that the histogram has a
height of for example three bins, this would look something like figure 10. The
P describes the data that was found in each bin.
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Figure 10: Three bins and the parts of the observations that where found in these.

If one denotes the part of the reflections being observed in the top bin p1, second
p2 and last p3 one can find a probability for the vertical laser to return, given
that it has not yet been reflected, for each bin. This probability will be denoted
qi and can be calculated from the relationship

p1 = q1

p2 = (1− q1)q2

p3 = (1− q1)(1− q2)q3,

(27)

which leads to

q1 = p1 =
3

6

q2 =
p2

1− q1
=

1

3

q3 =
p3

(1− q1)(1− q2)
= 1,

(28)

for the example in figure 10. One should note that the value 1 of q3 means that
given that the laser has not been reflected before the last bin it will certainly
do so at the last bin. For a vertical laser that passes through a general number
of bins N , qi can be calculated like

qi =
pi∏N−1

j=1 (1− qj)
. (29)

The distance the vertical laser travels through each bin is equal to the height
of the bins. Knowing the distance traveled through the material and the prob-
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abilities qi one can calculate the concentration of particles in the material. In
this case this relates to the leaf density. Using the Beer-Lamberts law

qi = 1− e−kAidb , (30)

where db is the height of each bin, the concentration Ai can be calculated.
Having an expression for the density of the leafs in each bin means that one has
a tool to know where a laser that is not vertical might be reflected inside the
tree. For the tree seen on the left and middle image in figure 9 a low resolution
visualization of the density can be seen in figure 11.

When the histogram is created the points per bin of the histogram translates
to a larger amount of points per volume for a lower radii. This means that if
not compensated for the density of leafs A will be smaller then desired for low
radii. In this thesis this is compensated by dividing each leaf density with the
volume of the toroid that it represents.

Due to the nature of the parametrization the density of each bin is rotational
symmetric and in the figure the bins have been rotated to give a way for the
reader to understand the method used. From the figure one can also distinguish
the branch seen in figure 9.

Figure 11: The density of leafs of the tree seen in figure 9. The density is presented
as toroids with the rotational symmetry which the change to normalized coordinates
gave rise to.

When the leaf density is calculated one can use it to decide a probability for a
laser to be returned what ever angle of inclination it has on the tree.

3.3.3 Calculate Intersection

By calculating the intersection between a line and a cylinder described in section
2.2 one can decide if the histogram density estimator should be used for each
tree. If the intersection does happen one will need to calculate the distance
traveled through each of the bins since they represent different probabilities for
reflection.
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The boundaries of each area with different densities forms a toroid with a square
cross section as can be seen in figure 11. To know the distance traveled through
each toroid one needs to know the intersections between the laser and the toroid.
The intersection between a laser and a toroid can be calculated as described in
section 2.2. One way to proceed is to calculate the possible intersection with
each toroid that makes up the histogram seen in figure 9. This would, however,
not be a very efficient way to do it. Not every toroid is close to being intercepted
by the laser. To make it more effective each layer of toroids is first checked for
intersection and depending on the radius of this intersection one can decide
which toroids that are interesting to look at.

One should note that the bins are described using the parameters a and d
and that the equation for the line that is used for the laser beams are based
on (x, y, z) coordinates. However, these are closely related to each other. As
mentioned the radius at which each layer is intersected is calculated to narrow
the amount of toroids to check. The z coordinates for the boundaries between
the layers can be calculated from the parameter a by

z = aZmax, (31)

where Zmax is the height of the tree. This z can then be used to calculate the t
(in equation 7 for the line) for which the line intersects the layer. Knowing the
t it is only a matter of plugging into equation 7 to get the x- and y-coordinates
of the intersection. From these the bins (if rotated turned into toroids) that has
to be checked can be deduced. The radius (i.e. distance to stem) is calculated
by

r =
√

(x− xc)2 + (y − yc)2, (32)

which is related to d by

d =
r

Zmax
, (33)

3.3.4 Interpret the intersection

Knowing the distance the ray travels through the intersections one can now
calculate the place where the reflection will happen. Starting with summarizing
all the leaf area that the ray travels through with a total sum

TA =
∑

Aidi, (34)

where Ai is the leaf area of the i-th bin that the ray travels through and di the
distance traveled in that bin. Using this total with the Beer-Lamberts law one
can calculate the likelihood of reflection in the canopy to occur at all. If it does
occur one can then choose a random number between 0 and TA, let’s call it Tr
and let this number decide at which distance the reflection happens. This is
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done by looking at the sum in equation 34 and see at which term it reaches the
number Tr and from this decide the distance of reflection.

3.3.5 Verification of simulation

One will want to check so that the simulation somewhat resembles the real data
of a tree. This is done for the tree used in section 3.3 and the result can be seen
in figure 12. One should note that the simulated data have similarities to the
real tree data. It does seem to have a small decrease in density for decreasing
radius however.

Figure 12: A comparison between real data and simulated data. In the left image
the real laser data that is also seen in figure 9 is presented. In the right image the
simulated data when parametrized in the same way as the real data is presented.

4 Results

We consider the error between tree locations found by the tree localization
method and actual location of trees. The errors in the localizations are divided
into three different types of errors. First of all the found trees will be connected
to the simulated tree locations. A found tree is simply connected to the closest
simulated tree.

The first error will treat how many simulated trees that have at least one
found tree connected to it. It can be compared to the 69% correctly located
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trees that was the result that Holmgren and Lindberg (2013) achieved.

The second error will treat how many the found trees are compared to the
simulated trees. A value above one hundred percent here would mean that more
trees were found than the number of actual trees in the stand.

The third error will treat how far the located trees are from the simulated
trees. This is done by taking the closest connected tree and calculating the
euclidean distance to the simulated one.

Three kind of parameters will be changed and investigated on how they effect
the errors. The first group is parameters that relate to the trees and the stand.
The parameters that will be checked are trees per hectare, height/size of the
trees and the height fluctuation (i.e. the difference between the lowest and
highest tree in the stand). The second group of parameters relate to the ALS
and will consist of the average number of beams per square meter on the ground
and the pattern of the laser scan. The third group of parameters will relate to
the localization method and the parameters will be the radius for which the
ellipsoid is fitted and the power in the ellipse equation.

The standard values for the parameters that are not being investigated at the
time are given in 1.

Table 1: Parameters standard values

Tree density 500/ha
Max height 20m
Height fluctuation 5m
Laser density 15/m2

Swath pattern Linear
Minimum radius 1m
Equation power 2

4.1 Trees using cones as geometric shapes

The main result that is shown is for the histogram trees. Here we only look
at how the error changed when the tree density was altered. In this section,
however, a few examples of how the figures can be interpreted is explained.

4.1.1 Effect of Stand and tree parameters

When changing the number of trees per hectare figure 13 a), b) and c) was
produced. The values that were tested were [500, 550, ..., 1000] trees per hectare.
The result, seen in figure 13 a), always lies within 70-100 % and decreases as the
number of trees increases. This means that the percentage of correctly located
trees never decreases below 70 %. In the figures one standard deviation is also
presented. The standard deviation is calculated by running each parameter
value ten times with different randomly produced stands to see it’s effect on the
result.
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In figure 13 b) one can note that the amount of trees found behaves in a similar
way as the amount of correctly located trees. Looking at figure 13 a) and 13 b)
one can realize that almost all the found trees were correctly located since the
values follows each other so well.

The final error for the trees simulated as cones is seen in figure 13 c) which
shows how close one can expect a correctly located tree to be to the simulated
location. When looking at figure 13 c) one should take into account that the
resolution of the localization method was 0.25m.

500 600 700 800 900 1000

Trees per hectare

0

20

40

60

80

100

C
o

rr
e

c
tl
y
 l
o

c
a

te
d

 t
re

e
s
 (

%
)

a)

500 600 700 800 900 1000

Trees per hectare

0

20

40

60

80

100

120

140

160

F
o

u
n

d
 t

re
e

s
 v

e
rs

u
s
 r

e
a

l 
tr

e
e

s
 (

%
)

b)

500 600 700 800 900 1000

Trees per hectare

0

0.5

1

1.5

M
e
a
n
 d

is
ta

n
c
e
 t
o
 t
re

e
 (

m
)

c)

Figure 13: The results achieved when changing the number of trees per hectare of
the stand. One standard deviation is visualized. a) Percentage of correctly located
trees when changing the number of trees. b) The number of trees that the localiza-
tion method found compared to the number of actual trees. c) The distance to the
simulated tree location for the trees marked out in a).

4.2 Trees using Histogram Density Estimation

The parameters seen in table 1 are tested using the trees simulated using his-
togram density estimation. The result from this is presented in this section.

4.2.1 Effect of Stand and Tree Parameters

When changing the stand and tree dimensions figure 14 and 15 were produced.
In figure 14 a),c) and e) the number of trees was changed. This means that one

Nikanor Öhman, noh0313@hotmail.com 21 June 29, 2018



Master Thesis 4 Results

can compare the results for the trees simulated as cones with the ones simulated
with histogram here. The result seen in figure 14 a) has a overall lower curve
than the corresponding result in figure 13 a). This is attributed to the easy
geometry. Since the localization method uses geometry fitting to locate trees,
it should be easier to find trees that are simulated based on an easy geometry.
One does however find more trees when they are simulated as histograms. This
should be due to features like branches that are easier taken for trees. There are
more trees found but there are also more false trees which is negative. Ideally the
percentage of found trees follows the percentage of correctly located trees since
one can then be certain that a found tree is not a false tree. The accuracy of
the localization method does decrease when the density of the trees is increased.
This is a result that one would expect since it is harder to distinguish trees when
they are closer to each other.

Looking at figure 14 c) one can note that the number of found trees does not
follow the number of correctly located trees in figure 14 a). This is not the same
result as seen for trees simulated as cones. When comparing figure 14 a) and
14 c) one can draw the conclusion that some of the trees that is found by the
localization method are “ghost trees” (i.e. trees that does not exist). However,
the amount of found trees does not exceed the amount of simulated trees for
any tree density. As long as this is the case one should focus at figure 14 a)
which shows a decrease in correctly located trees for an increase in tree density.

The maximum height which corresponds to the size of the trees was changed
and gave rise to the errors seen in figure 14 b), d) and f). The number of
correctly located trees seen in figure 14 b) increases with the size of the trees.
Here, however, the number of found trees does exceed the number of simulated
trees. This means that there are bound to be an increase in number of correctly
located trees. The increase in found trees which rises above the amount of
simulated trees indicates that either the simulation might have a unwanted size
dependence or the localization method actually performs worse with larger trees.
Looking at the simulation this could be due to the fact that the tree density is
symmetric when rotated as seen in figure 11. This means that a branch that
might fool the localization method that it is a tree will now fool the method
multiple times when rotated around the tree. Such a branch is more likely to
be noticed with a bigger tree.
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Figure 14: The results achieved when changing parameters related to the trees and
stand. One standard deviation is visualized. a) Percentage of correctly located trees
when changing the number of trees. b) Same as a) but when changing the maximum
height (with a deviation of 5m i.e. trees can be at most 5m lower). c) The number
of trees that the localization method found compared to the number of actual trees.
d) Same as c) but for max height. e) The distance to the simulated tree location for
the correctly located in a). f The distance to the simulated tree location for the trees
correctly located trees in b)

.

The difference in height between the lowest and highest tree is changed in figure
15. The distance from the found trees to the simulated tree locations decreases
with larger height differences. This should be because it is easier to differ two
trees close to each other if they have a larger height difference.

Nikanor Öhman, noh0313@hotmail.com 23 June 29, 2018



Master Thesis 4 Results

2 3 4 5 6 7 8 9 10

Height difference between lowest and highest (m)

0

20

40

60

80

100

C
o

rr
e

c
tl
y
 l
o

c
a

te
d

 t
re

e
s
 (

%
)

a)

2 3 4 5 6 7 8 9 10

Height difference between lowest and highest (m)

0

20

40

60

80

100

120

140

160

F
o

u
n

d
 t

re
e

s
 v

e
rs

u
s
 r

e
a

l 
tr

e
e

s
 (

%
)

b)

2 3 4 5 6 7 8 9 10

Height difference between lowest and highest (m)

0

0.5

1

1.5

M
e

a
n

 d
is

ta
n

c
e

 t
o

 t
re

e
 (

m
)

c)

Figure 15: The results achieved when changing the height difference between the low-
est and highest tree. One standard deviation is visualized. a) Percentage of correctly
located trees when changing the height difference. b) The number of trees that the
localization method found compared to the number of actual trees. c) The distance
to the simulated tree location for the trees marked out in a).

4.2.2 Effect of Airborne Laser Scanning Parameters

The average number of beams per square meter was changed and this gave rise
to figure 16 a), b) and c). One can see in figure 16 a) that the correctly number
of located trees actually increases as the beam density becomes really low.

The reason for the surprising result seen in figure 16 a) could be because of
the information drawn from figure 16 b). The number of trees found rises
dramatically for low beam densities. It is not strange that this gives rise to
a small increase in number of correctly located trees but it is not necessarily
good. One does not know which of the found trees that are simulated trees and
which are “ghost trees”. Overall the number of false trees do increase when the
beam density decreases. This should be because it is harder for the localization
method to distinguish the trees when it has to little information.
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Figure 16: The results achieved when changing the number of beams per square
meter. One standard deviation is visualized. a) Percentage of correctly located trees
when changing the number of beams. b) The number of trees that the localization
method found compared to the number of actual trees. c) The distance to the simu-
lated tree location for the trees marked out in a).

The pattern of the scan was also tested between a oscillating and linear (the
patterns can be seen in figure 1). The result gave a small increase in accuracy
for the linear pattern.

4.2.3 Effect of Localization Method Parameters

The minimum radius of the localization method (i.e. the radius where one starts
to try and fit an ellipse to the data points) was changed and gave rise to figure
17 a), c) and e). Again one has an increase in number of correctly located trees
for lower values of the parameter. This does come with the cost of “ghost trees”
seen in 17 c). In the simulation there should not be any trees with a radius
smaller than 1 m. Searching for trees with a smaller radius than 1 m should
then only increase the effect of branches being taken for trees (i.e. the only trees
that can be found at those low radii are false trees).

The shape of the ellipsoid was changed and this effected the distance from found
tree to simulated tree. The reason for this should be that an ellipsoid with the
power two better fits the simulated tree shape.
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Figure 17: The results achieved when changing parameters related to the localization
method it self. One standard deviation is visualized. a) Percentage of correctly located
trees when changing the minimum radius. b) Same as a) but when changing the power
of the ellipse equation. c) The number of trees that the localization method found
compared to the number of actual trees. d) Same as c) but for different power of
the ellipse equation. e) The distance to the simulated tree location for the correctly
located in a). f The distance to the simulated tree location for the trees correctly
located trees in b)

.

Nikanor Öhman, noh0313@hotmail.com 26 June 29, 2018



Master Thesis 5 Discussion

5 Discussion

Looking at the histogram trees simulation the most important results that tell
us a bit of how well the simulation corresponds to reality is the one seen when
changing the heights in figure 14 d) (which changes the overall size) of the trees.
Here we think that it is possible to see the implication of having rotational
symmetric leaf density as seen in figure 11 as described in the result section.
The effect could also be increased by the unwanted rise in point density for
larger radii. For larger trees this effect is more distinguishable. The effect could
mean that a branch that reaches out is more likely to be seen as a tree and
hence the behavior seen in figure 14 d). If one would like to investigate this
matter further to decide if the dependence is due to the localization method or
the simulation we suggest that one first tries to combine changing the size of
the trees with changing the minimum radius of the ellipsoid fitting. This could
show if it is possible to compensate for larger trees by increasing the minimum
radius.

The conclusion from this is that the effect seen when changing the height of the
trees with this simulation should maybe be seen as an effect of the simulation
method. There are other results that we think one could see as an effect of the
method for localization. The height difference results shows that the localization
method accuracy increases with larger height difference for example as seen in
figure 15. This can be used to know what to expect from using the localization
method on a certain tree stand.

From figure 16 one can draw the conclusion that the localization method benefits
from having at least 10 (preferably 15) beams per square meter. If the density
is to small a large amount of false trees are found.

One can also note that the minimum radius for which the ellipsoid is fitted
greatly effects the accuracy as seen in figure 17. One should definitely keep an
eye out so that one does not use a to low radius since many more false trees
will be found. As also seen in figure 17 the choice of ellipsoid equation might
not have a major effect on the percentage of located trees but the choice of the
power two does seem to be the one that produces the smallest error distance.
This is also the equation used by Holmgren and Lindberg (2013).

It is hard to compare with other results since other simulations did not try
their data on the localization method by Holmgren and Lindberg (2013). One
can compare to their article however. Larger trees were located more often than
small trees in the results by Holmgren and Lindberg (2013) which is not the case
here. Since their localization method has further steps to sharpen the accuracy
of the localization method, which are not implemented here, it is hard to know
if the fact that larger trees are found more often should be attributed to those
steps. It might, however, be an indication that the simulation is to blame as
mentioned in section 4.2.1.

If we were to further develop the simulation we would choose to create a his-
togram estimator in 3 dimensions instead. With a standardized x-distance and
y-distance from the stem instead of only radius. This would mean that the
rotational symmetry could be avoided and more defining features of the trees
could be kept. This would mean that the ray-tracing would have to treat cubes
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instead of toroids. This article focuses on the complexity of the trees but one
could also include the complexity of the laser pulses. By including sub beams
in the simulation one could get a waveform for the different reflection points
for each pulse. As mentioned this has been done by Kukko and Hyyppä (2009)
were the reader can go for more information. The tree placement could also be
more complex. Different species of trees should be expected to have different
placements. A random distribution is a naive way to look at the trees but not
doing so would make for a lot more work. One would have to investigate and
find information about how trees are placed in different forest stands and for
different species.

We think that the thesis shows that it is possible to use the histogram density
estimation to create a simulation of LiDAR data. Hopefully we have given the
Swedish university of agricultural science something that they can use or develop
further.
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