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1 INTRODUCTION 
 

1.1 Structural complexity 

 

Forest structure refers to all dimensional, architectural, and distributional features of tree 

individuals in a given space at a given time (Juchheim et al. 2019, Seidel et al. 2019c). The 

structure of a tree is influenced by its genetics as well as biotic and abiotic external factors 

(Seidel et al. 2019a, c). Biotic factors refer to animals, fungi, bacteria, and the competition 

between trees, whereas water, light, and nutrient availability as well as wind, fire, and terrain 

slope are examples of abiotic factors. Forest structure can also be affected by forest manage-

ment (Saarinen et al. 2020, 2021). 

 

Forest structure can be divided into structural attributes and structural complexity 

(McElhinny et al. 2005). Structural attributes refer to concrete factors that can be measured 

from forests. McElhinny et al. (2005) identified nine key structural attributes appearing in 

the ecological research: 1) foliage arrangement, 2) canopy cover, 3) tree diameter, 4) tree 

height, 5) tree spacing, 6) tree species, 7) stand biomass, 8) understory vegetation, and 9) the 

amount of deadwood. Structural complexity is a more abstract concept. It measures the het-

erogeneity of tree quantity and distribution (Hickey et al. 2019, Wales et al. 2020). Tradi-

tionally, structural complexity has been qualified at the stand-level with different combina-

tions of structural attributes present or absent in the forest (McElhinny et al. 2005).  

 

A widely accepted definition of structural complexity – and how it should be measured – is 

lacking, and other terms such as heterogeneity and diversity are used alongside (Ehbrecht et 

al. 2017, Hickey et al 2019, Camarretta et al. 2020). The structural complexity of canopies 

is also referred as rugosity, which summarizes the heterogeneity of foliage distribution and 

density (Hardiman et al. 2013, Hickey et al 2019). In this study, only the term ‘structural 

complexity’ is used.  
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Large trees are structurally more complex than small trees (Seidel et al. 2019c). The reason 

for this is not the size per se, but the changes in the structure that occur with age. Complexity 

itself is similarly variable across all tree sizes (Seidel et al. 2019c). Structural complexity 

increases as forest ages, partly due to later-successional shade-tolerant species (Hardiman et 

al. 2013, Hickey et al 2019). In addition, the possibility of disturbances raises with age. 

Young stands that have experienced disturbances are often structurally more complex than 

older stands with no disturbances (Kane et al. 2010, 2011). Structural complexity of trees 

also grows with species diversity (Juchheim et al. 2019). Increasing the portion of deciduous 

trees in coniferous stands, for example, creates different space occupation, which raises 

structural complexity. The mix of shade-tolerant and shade-intolerant species creates a 

multi-layered canopy with varying diameters and heights, which makes the horizontal and 

vertical distribution more complex (McElhinny et al. 2005). 

 

Structural complexity correlates with various ecological processes and ecosystem services, 

such as biodiversity (Pommerening 2002), scenic beauty and recreational benefit (Ribe 

2009), ecosystem adaptability, resilience, and resistance (Neill & Puettmann 2013), micro-

climatic stability, habitat quality and continuity (Ehbrecht et al. 2017), light and nitrogen use 

efficiency (Hardiman et al. 2013), and forest productivity (Seidel 2018). Structural complex-

ity is also connected to ecosystem carbon storage, which is due to the better resource use 

efficiency of multi-layered forests (later-successional species use light more efficiently) 

(Hardiman et al. 2013). Efficiency in the resource use leads to higher aboveground net pri-

mary production, which further leads to higher carbon storage (Hardiman et al. 2013). In 

addition, Jayathunga et al. (2018) argued that structurally more complex forests have higher 

functional diversity, which improves their ability to adapt to environmental changes. 

 

It is well known that areas of primary and naturally regenerated forests decrease, while in-

creasing proportion of forests are planted and managed for timber and fibre production (Her-

nandez-Tecles et al. 2015, Seidel et al. 2016). Planted forests tend to be structurally less 

complex due to more uniform tree height, diameter, and spacing (Hernandez-Tecles et al. 

2015, Hickey et al 2019). Yet, structurally more complex forests seem to maintain ecosystem 
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functions and services more reliably than monocultures (Jayathunga et al. 2018). On this 

account, management goals are shifting towards “management for complexity”, meaning 

that in addition to sustainable timber and fibre production, aspects like biodiversity and car-

bon sequestration are considered more carefully (Seidel et al. 2016). This kind of silviculture 

builds on heterogeneity, unpredictability, and adaptability (Paquette & Messier 2010, 

Jayathunga et al. 2018). Management for complexity is preparing for an uncertain future. 

 

Management for complexity is often based on emulating the structures of natural and old-

growth forests (Hernandez-Tecles et al. 2015). For that, it is necessary to know what struc-

tural features characterize old forests. Seidel et al. (2016) listed features of old-growth for-

ests: irregular tree distribution, multiple canopy layers, appearance of gaps, and other small-

scale heterogeneity in horizontal and vertical structures. In addition, the high amount of 

deadwood (both standing trees and woody debris) characterizes natural forests. Besides 

providing habitats and supporting biodiversity, deadwood increases the structural complex-

ity (Pasher & King 2011). The aforementioned features can for example be generated by 

simulating natural disturbances (Seidel et al. 2016). Plot-level complexity is largely deter-

mined by the most complex-structured tree individuals, and so forth focusing on individual 

large and old trees appears to be an efficient strategy (Seidel et al. 2019b).  

 

In order to implement the management for complexity and to estimate its functionality, it is 

necessary that the level of structural complexity can be defined (Ehbrecht et al. 2017). Tra-

ditionally, structural complexity has been measured with different kinds of indices. An index 

of structural complexity is a mathematical construct that summarizes the effects of two or 

more structural attributes into a single value (McElhinny et al. 2005). With the index values, 

forest stands can be ranked according to the level of their structural complexity. Different 

indices use different subsets of structural attributes and the mathematical framework for 

combining and weighting the attributes often vary. For example, the structural complexity 

index by Zenner & Hibbs (2000) utilizes tree height and spacing, while the tree size differ-

entiation index by Füldner (1995) utilizes diameter and spacing (Ehbrecht et al. 2017).  
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The problem with indices is that researchers might tailor them to suit their immediate re-

search needs, available data, or the forest type in question. The attributes might be arbitrarily 

selected (e.g. what is easy to measure or what has already been measured), or they might 

represent the structure of the forest inadequately (McElhinny et al. 2005). These problems 

weaken the objectivity and generalizability of indices. In addition, the structural complexity 

indices have usually focused on the stand-level, and the complexity of individual trees has 

not been studied thoroughly. There is a need for objective and holistic approach for measur-

ing structural complexity at the tree-level.  

 

1.2 Remote sensing 

 

Measurements of structural complexity have traditionally been obtained by measuring cho-

sen structural attributes in the field (Zellweger et al. 2013). However, the field inventories 

are labour-intensive, costly, prone to human errors, and usually limited to a few tree attrib-

utes and a small set of sample plots (Zellweger et al. 2013, Wallace et al. 2016, Yrttimaa et 

al. 2020b). In addition, conventional measurements are based on one- or two-dimensional 

attributes (e.g. tree height, diameter at breast height (DBH), and spacing), and they do not 

cover the three-dimensional nature of forests (Ehbrecht et al. 2017, Juchheim et al. 2019).  

 

In the past, the 3D structure of trees or forests could not be directly or non-destructively 

measured but was approximated from the 1D and 2D measurements (Seidel et al. 2019c). 

Nowadays, forest structure is examined more holistically with 3D data derived from differ-

ent remote sensing systems (Seidel et al. 2016, Ehbrecht et al. 2017, Juchheim et al. 2019). 

Remote sensing has enhanced the accuracy, made the work more objective, and lowered the 

costs (Seidel et al. 2019b, Maas 2010). However, field inventories are often considered as a 

reference to the remote sensing systems (Yrttimaa et al. 2020b). 

 

Remote sensing is a science of acquiring information on Earth’s surface with electromag-

netic radiation without actual physical contact (Campbell 2002). It is concerned with sens-

ing, recording, processing, analysing, and applying the reflected or emitted radiation 
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(Campbell 2002). With remote sensing, it is possible to acquire information from broad areas 

simultaneously and rather inexpensively (Holopainen et al. 2015). Remote sensing systems 

with diverse spatial, spectral, radiometric, and temporal resolutions offer non-destructive 

opportunities for examining forest structure at a variety of scales. With remote sensing, eas-

ily measured attributes can be examined more accurately and on a larger scale (Pasher & 

King 2011). In addition, previously hard-to-measure or completely new attributes can be 

explored (Camarretta et al. 2020). 

 

Remote sensing can be divided into active and passive systems. Passive systems measure 

radiation emitted or reflected from a target by using the sun as an energy source (Holopainen 

et al. 2013). Passive systems only work when naturally occurring energy is available, that is, 

during daylight hours (Camarretta et al. 2020), although thermal energy emitting from a 

target can be measured at night-time. Whereas, active systems provide their own energy, 

send radiation toward the target, and measure the returning reflection (Holopainen et al. 

2013, Camarretta et al. 2020). Passive systems (e.g. aerial imagery) cannot capture structural 

complexity as reliably as active systems (e.g. terrestrial laser scanning), since they cannot 

penetrate canopies (Wallace et al. 2016). Especially in forests with multiple canopy layers, 

the lower layers often remain unnoticed (Valbuena et al. 2014, Jayathunga et al. 2018). 

 

LiDAR (light detection and ranging) is an active remote sensing system working in the vis-

ible or near infrared regions of the spectrum. It is also known as laser scanning. LiDAR 

sends a laser pulse to a target and the reflected energy is then detected. Since the velocity of 

light is constant, the time for a pulse to return the sensor can be converted into a distance 

(Holopainen et al. 2015). This represents the time-of-flight (ToF) principle. The distance 

that light travels can also be determined with so-called phase-shift method, which measures 

the phase difference between transmitted and received signal, and this is directly propor-

tional to the distance (Yoon et al. 2011). If the exact position and orientation of the LiDAR 

sensor are known, the distance can further be converted into an altitude (Holopainen et al. 

2015). The positioning usually relies on GPS data and the orientation is derived from inertial 

measurement unit (IMU) systems (Holopainen et al. 2015). Each returning echo is positioned 
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in a coordinate system (x, y, z) and all the points together formulate a 3D point cloud (Camp-

bell 2002, Holopainen et al. 2015).  

 

LiDAR technology can be divided into airborne laser scanning (ALS) and terrestrial laser 

scanning (TLS). Airborne systems include airplanes, helicopters, and unmanned aerial vehi-

cles (UAVs) such as drones. Ground-based systems, such as TLS, can be mobile or static. 

Static measurements are usually performed from a tripod and mobile measurements from a 

moving vehicle (e.g. train, car, quad bike). Airborne and ground-based systems provide dif-

ferent kind of information on forest structure. ALS measures trees nearly perpendicular from 

above, whereas TLS measures them more horizontally (Holopainen et al. 2013). Points in 

the ALS-based point clouds are more evenly distributed since the objects (trees) are more or 

less equidistant, whereas in TLS, densities tend to be more spatially variable (Holopainen et 

al. 2013). TLS measures trees closer and transmits laser pulse more densely than ALS, which 

results in more dense point clouds (Johnson et al. 2014). However, only the targets seen 

directly from a TLS sensor can be measured, and the capability to detect upper parts of can-

opies is usually limited (Yrttimaa et al. 2020b).  

 

The utilization of UAVs in forestry applications has grown rapidly over the recent years 

(Johnson et al. 2014, Goodbody et al 2017, Alonzo et al. 2018). UAVs offer a relatively low-

cost alternative to other airborne systems (Wallace et al. 2016, Saarinen et al. 2018) and due 

to low flight altitude (e.g. 50-200 m), they have a high spatial resolution (centimetres) (Lu 

& He 2018). However, low altitude and reliance on battery power weakens the spatial cov-

erage (Alonzo et al. 2018). UAVs provide precise estimates of tree density, basal area, and 

biomass (Alonzo et al. 2018), and the measurement geometry is especially suitable for cap-

turing the upper canopy (Saarinen et al. 2020).  

 

Besides LiDAR sensors, UAVs can be equipped with digital cameras, and taken images can 

further be converted into point clouds with structure from motion (SfM) technology. SfM is 

a photogrammetric technique that utilizes 2D imagery to create a 3D structure of an object: 

the 3D structure is created from overlapping images taken from multiple viewpoints 
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(Westoby et al. 2012). Images are often taken from a moving platform (Westoby et al. 2012), 

for example cameras mounted on UAVs. Ordinary consumer-grade digital cameras and read-

ily available open source software are suitable for SfM purposes (Westoby et al. 2012).  

 

SfM is based on the same principles as traditional stereo-photogrammetry and 3D structure 

of objects is calculated with triangulation (Johnson et al. 2014). In stereo-photogrammetry, 

camera positions, orientations and incidence angles must be known beforehand, whereas in 

SfM, these are automatically solved by algorithms matching features in imagery (so-called 

bundle adjustment) (Westoby et al. 2012, Wallace et al. 2016). For finding correspondence 

between images, different object recognition systems are used. For example, the scale-in-

variant feature transform (SIFT) is an algorithm for automatic identification of matching 

features in multiple images (Westoby et al. 2012). SIFT allows corresponding features to be 

found with large variations in distance and viewpoints. The only requirement is that the cor-

responding feature appears on at least three images, but obtaining as many images as possi-

ble is recommended for the redundancy (Westoby et al. 2012). The matching features are 

then tracked and used to estimate the camera positions and orientations (Westoby et al. 2012, 

Johnson et al. 2014).  

 

SfM point clouds are often generated in a relative image-space coordinate system and they 

need to be transformed into the absolute object-space coordinate system. Georectification 

can be done directly if the camera positions and locations are known, and if not, a few 

ground-control points (GCPs) with the known object-space coordinates can be exploited 

(Westoby et al. 2012). GCPs can be derived afterwards but it might be easier to set some 

clearly visible objects with known coordinates in the field before acquiring images (Westoby 

et al. 2012).  

 

SfM can be used to produce point clouds similar to those generated by LiDAR systems. 

Compared to LiDAR and traditional stereo-photogrammetry, UAV-SfM is cheaper, lighter 

and easier to repair – but these benefits are often achieved at the expense of fidelity and 

consistency (Wilkinson et al. 2016). For example, UAV-SfM is rounding off sharp edges 
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which reduces the fidelity in finer details (Wilkinson et al. 2016). Whereas, TLS provides 

wider range of operating conditions, faster data post-processing, higher spatial precision, 

and it is in general more consistent (Wilkinson et al. 2016).  

 

The density of UAV-SfM point clouds is often significantly larger than ALS point clouds 

and thus UAV-SfM can produce a more detailed representation of the upper canopy (John-

son et al. 2014, Wallace et al. 2016). TLS, in turn, produces denser point cloud than UAV-

SfM, but the distribution of points is uneven (i.e. denser near the scanner), whereas in UAV-

SfM the distribution is more homogenous (Garcia et al. 2019). UAV-SfM cannot provide 

the same level of canopy penetration as laser scanning, so the mid- and understory remain 

poorly defined (Johnson et al. 2014, Wallace et al. 2016). Especially in areas of dense veg-

etation, UAV-SfM does not reach the same level as TLS (Garcia et al. 2019). However, with 

portability and minor need for hardware, UAV-SfM provides logistical advantages espe-

cially in remote areas or rough terrains (Westoby et al. 2012).  

 

1.3 Box dimension 

 

A fractal-like nature of a crown is an essential aspect of tree’s structure (Seidel 2018). Frac-

tals are self-similar geometric objects, in other words, objects that are formed of small parts 

that each resembles the whole (Feldman 2012). Self-similarity measures the geometrical 

repetition across different scales (Dorji et al. 2019). A branch of a tree resembles the full tree 

and contains replicas on itself in smaller sizes (Feldman 2012). Due to external and internal 

factors, trees can never be perfectly self-similar (Dorji et al. 2019) but only fractal-like ob-

jects. The root system is fractally formed, too, but only the aboveground part of trees is 

observed in this study. 

 

Structural complexity can be described mathematically by fractal analysis (Mandelbrot 

1977), and even before the availability of 3D data, this approach was used to quantify the 

complexity of tree crowns (e.g. Zeide & Pfeifer 1991). However, only with the recent 3D 

data provided by remote sensing systems, it has become possible to utilize fractal analysis 
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in describing the structural complexity of individual trees (Seidel et al. 2019a, Saarinen et 

al. 2021). Especially data from TLS enables examination at the tree-level and has proven to 

be suitable for counting so-called box dimension (Seidel 2018).  

 

In mathematics, dimension of an object describes how many coordinates are needed to locate 

a point on the object (Feldman 2012). For example, lines have one dimension, squares two, 

and cubes three. Dimensions capture something that is constant across different scales and 

for that reason they are important for fractals. Fractal dimension, in turn, describes how 

complex a self-similar object is (Camarretta et al. 2020). Mathematically, the fractal dimen-

sion of a self-similar object is defined by calculating how many small copies of an object fit 

into a bigger copy. Dimension is measured with logarithms and the equation is: 

 

 
𝐷 =	

log(𝑁)
log(𝑟)  

(1), 

 

where D = dimension, N = number of small copies fitting in a bigger, and r = magnification 

factor (Feldman 2012).  

 

Box dimension (also known as Minkowski-Bouligand dimension or box-counting dimen-

sion) is a method for estimating the fractal dimension of an object that is not exactly self-

similar but fractal-like (Feldman 2012, Seidel 2018). Fractal dimension is connected to struc-

tural complexity of an object, and in forestry applications, box dimension has been used to 

measure the complexity of individual trees (e.g. Seidel 2018, Seidel et al. 2019a, b, c, Saa-

rinen et al. 2021).  

 

The box dimension of a tree is determined by counting how many cubic boxes are needed to 

cover all the points of the 3D point cloud and how does the number of boxes change when 

the box size changes (Seidel et al. 2019a). The counting starts with one box covering the 

whole tree and proceeds to smaller and smaller boxes. The number of boxes needed might 

depend on where the covering process started but as boxes get smaller the differences 
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become irrelevant. The calculation of box dimension is fairly straightforward but the boxes 

need to get really small for an accurate count, and this requires a large quantity of data. 

(Feldman 2012.) 

 

Before the availability of 3D data, placing trees in boxes was nearly impossible, but nowa-

days box dimension is rather easy to calculate, and it can be implemented whenever 3D data 

is available (Seidel 2018, Seidel et al. 2019a). However, the individual trees must be able to 

extract from the data, and this can be challenging especially in dense environments (Seidel 

et al. 2019a).  

 

Box dimension (Db) is calculated with the following steps described by Feldman (2012): 

1) Count the number of boxes needed (N) to cover the object. 

2) Repeat with smaller box sizes (r = length of box edge / length of initial box edge). 

3) Collect the values of N and 1/r into a table. 

4) Take the logarithm of the values. 

5) Plot the data with log(N) on the vertical axis and log(1/r) on the horizontal axis. 

6) Db is then the slope of the trendline.  

 

The base of logarithm can be anything as long as it remains the same through calculations. 

Seidel et al. (2018, 2019a, b, c) and Saarinen et al. (2021) used natural logarithm ln(x) with 

a base of Euler's number e (~2.71828). Figure 1 exemplifies the process. Db is the slope of 

the fitted straight line (x~1.49), coefficient of determination measures the geometrical self-

similarity of the tree across tested box sizes (R2~0.98), and the intercept of the regression 

line with the y-axis (~0.35) is a surrogate for the tree size (Seidel et al. 2019c, Dorji et al. 

2019).  
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Figure 1. Box dimension (Db) value is the slope of the fitted line (1.49), the coefficient of determination R2 
(0.98) measures the geometrical self-similarity of the tree across tested box sizes, and the intercept of the 
regression line with the y-axis (0.35) is a surrogate for the tree size. Modified after Figure 1 in Seidel (2018). 
 
 
For a 3D object like a tree, Db can theoretically range from one to three (Seidel et al. 2019a). 

If Db is 1, a tree is a cylindrical, pole-like object (i.e. dead and branch-free), and if Db is 3, a 

tree would be a solid cube (Seidel 2018). There are strong indications that the maximum Db 

of a tree is 2.72, which is the box dimension value of so-called Menger sponge (Seidel 2018). 

Menger sponge is a mathematical construct by Karl Menger that represents the object with 

the greatest surface-to-volume ratio. Illustration of different objects is presented in Figure 2. 

 

Seidel et al. (2019a) explained that 2.72 is a perfect design for an object that benefits from 

maximizing its surface in an omnipresent surrounding medium (e.g. air). In the case of trees, 

the major aboveground factor limiting the growth is not the amount of gases in the air but 

the availability of light (Seidel et al. 2019a). Instead of capturing carbon dioxide, trees de-

velop a certain structure for capturing photons, and light is not an omnipresent surrounding 

medium like air, since it comes from a certain direction (Seidel et al. 2019a). Very high Db 

value, which indicates a space-filling character, is not an efficient strategy for a tree because 
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it leads to self-shading, and consequently, the optimal Db for a tree must be under 2.72 

(Seidel 2018, Seidel et al. 2019a). According to the earlier studies, the physical limit seems 

to be somewhere near two, but trees growing in open areas might have bigger Db (Seidel et 

al. 2019a).  

 
Figure 2. Illustration of objects with box dimension values ranging from 1 to 3. Box dimension value 2.72 
represents the Menger sponge. Trees are measured with terrestrial laser scanning and the point clouds are 
created with CloudCompare. Menger sponge by Michael Senkow and cube by ProSymbols from the 
thenounproject.com. Modified after Figure 1 in Seidel et al. (2019a). 
 

Box dimension provides a holistic perspective to the structural complexity of a tree as it 

reflects simultaneously a number of different structural attributes (e.g. crown dimensions 

and branching patterns) and measures both the density and distribution of plant material 

(Seidel et al. 2019c, Dorji et al. 2019). Furthermore, box dimension clarifies why trees are 

structured the way they are since the structure of a tree is linked to its function (e.g. how a 

tree maximises light, nutrient and water capture) (Seidel et al. 2019a).  

 

Box dimension of a tree has been related to tree species, one-year relative diameter incre-

ment, and availability of light (Seidel 2018), type and strength of competition (Seidel 2018, 

Dorji et al. 2019), benefit-to-cost ratio (Seidel et al. 2019a), and tree growth (Saarinen et al. 

1               1.49               1.73 2.72 3 
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2021). Benefit-to-cost ratio refers to the ratio between photosynthetically active surface and 

the volume of the “wooden skeleton” (Seidel et al. 2019a). However, previous studies are 

somewhat contradictory. For example, Saarinen at al. (2021) did not detect relationship be-

tween Db-values and benefit-to-cost ratio or light availability as was presented by Seidel el 

al. (2018, 2019a).  

 

Different results can partly be explained by the different tree species as Seidel et al. (2018, 

2019a) mainly included deciduous and Saarinen et al. (2021) conifer trees. There are notable 

differences between the structure and functionality of deciduous and conifer trees. For ex-

ample, conifers have stronger apical dominance than deciduous trees, that is, the central stem 

grows stronger than side stems, and as a result, differences in structural complexity and in 

benefit-to-cost ratio arise (Saarinen et al. 2021). Another explanation is that in Seidel’s stud-

ies (2018, 2019a), the sample sizes and tree densities were considerably lower than in Saa-

rinen et al. (2021). More research with larger sample sizes and wider range of tree species is 

needed to understand the relationship between Db-values, availability of light and benefit-

to-cost ratio.  

 

1.4 Research objectives 

 

This study compares structural complexity of Scots pine (Pinus sylvestris) trees measured 

by two remote sensing techniques, namely, TLS and aerial imagery acquired with UAV. 

TLS produced the point clouds directly whereas aerial imagery was converted into point 

clouds with SfM technology. Structural complexity for each tree was defined by the fractal-

based Db derived from the TLS and UAV measured point clouds.  

 

As box dimension of a tree is nearly impossible to measure in the field inventories, there is 

no direct reference data. The premise is that TLS provides the best available information, 

because the point density in TLS point clouds is bigger than in UAV-SfM point clouds, and 

because TLS is able to penetrate vegetation. In addition, TLS has already been successfully 
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used in several studies to measure box dimensions and thus structural complexity (e.g. Seidel 

et al. 2019a, b, c, Dorji et al. 2019, Saarinen et al. 2020, 2021).  

 

UAV-SfM is much cheaper and it enables quicker measuring of larger areas. Therefore, if 

UAV gives approximately the same results as TLS, it would be a cost-effective alternative. 

TLS and UAV measured Db-values are compared in order to find out whether the methods 

provide comparable information and whether the structural complexity of individual trees 

could be examined by UAV-SfM alone. The study area was exposed to six different thinning 

treatments plus one control group with no treatment, which made it possible to further in-

vestigate whether the possible divergence in TLS and UAV measured Db-values vary within 

the different forest structure and management history. If Db-values differ significantly, it is 

examined what might cause the difference.  

 

Research questions: 

1) Do TLS and UAV measured Db-values differ significantly from each other? 

2) What explains the possible divergence between Db-values?  

3) Does the forest structure have an effect on the divergence between TLS and UAV 

measured Db-values? 

  

Hypotheses: 

1) The differences in the number and distribution of the points in TLS and UAV meas-

ured point clouds explain the divergence between Db-values.  

2) The differences in the estimated tree heights and number of boxes explains the di-

vergence between Db-values.  

3) The sparser the forest the better UAV measured Db-values match with TLS.  

 

 

 

 



 
 
 
 
 

18 

2 MATERIAL AND METHODS 
 

2.1 Study area  

 

The study area consists of three study sites with nine rectangular 900-1200 m2 sample plots 

in each (i.e. 27 plots and ~3 ha in total). The sites are originally described by Saarinen et al. 

(2020, 2021) and Yrttimaa et al. (2020a, b). Natural Resources Institute Finland (Luke) es-

tablished the study area in years 2005–2006 to investigate the effect of different thinning 

treatments on Scots pine trees. The sites are located in southern Finland in the municipalities 

of Mänttä-Vilppula and Padasjoki (Figure 3). The site biome is southern boreal forest zone 

and the fertility is mesic heath (Myrtillus type in Cajander’s (1926) categorisation). All sites 

are dominated by even aged Scots pine trees. More detailed information is presented in Table 

1.  

 
Figure 3. Location of the study sites: Palomäki, Pollari, and Vesijako. Saarinen et al. 2020, 2021, edited. 
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Table 1. Information of the study sites.  
 

 Palomäki Pollari Vesijako 
Coordinates 62° 3.6ʹ N 24° 19.9ʹ E 62° 4.4ʹ N 24° 30.1ʹ E 61° 21.8ʹ N 25° 6.3ʹ E 
Municipality Mänttä-VIlppula Mänttä-VIlppula Padasjoki 
Elevation above sea level (m) 135 155 120 
Temperature sum (°days) 1195 1130 1256  
Year of establishment 2005 2006 2006 
Age at establishment 50 45 59 
Thinning treatments 2006 2006 2007 
The latest field measurements April 2019 October 2018 April 2019 

 
 
The first thinning was executed in early 1990s (~30% of stems removed), and during the 

2000s, the study area was exposed to six different thinning treatments plus one control group 

with no treatment. Thinning treatments included two levels of thinning intensity (moderate, 

intensive) and three thinning types (from below, from above, systematic from above) (Table 

2).  

 
Table 2. Different thinning treatments.  
 

Thinning treatment Acronym Explanation Number 
of plots 

Moderate thinning from below Moderate below Moderate thinning refers to pre-
vailing thinning guidelines applied 
in Finland (Rantala 2017). 

3 
Moderate thinning from above Moderate above 4 
Moderate systematic thinning 
 

Moderate systematic 5 

Intensive thinning from below Intensive below Intensive thinning corresponds 
50% lower remaining basal area 
(m2/ha) than in the plots with 
moderate thinning intensity. 
 

3 
Intensive thinning from above Intensive above 4 
Intensive systematic thinning Intensive systematic 5 

Control No treatment No thinning treatment since the 
establishment. 

3 

 

Moderate thinning followed the prevailing Finnish thinning guidelines (Rantala 2017), 

whereas intensive thinning resulted 50% lower remaining basal area (m2/ha). In all thinning 

types, small and damaged trees were removed. In thinning from below, suppressed and co-

dominant trees were removed, whereas in thinning from above, mostly the dominant trees 

were removed. In systematic thinning from above, only dominant trees were removed while 

suppressed and co-dominant trees were left to grow. Regular spatial distribution of trees was 
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maintained in thinnings from below and above while in systematic thinning it was not em-

phasized that much. Remaining basal area after moderate thinning was ~68% of stocking 

before treatment and after intensive thinning ~34%. 

 

The plots were measured during 2018–2019, and for all trees, tree species, DBH (an average 

of two calliper measurements perpendicular to each other), crown layer, and health status 

were recorded. Roughly half of the trees (42%) were selected as samples trees, of which tree 

height, crown base height, and height of the lowest dead branch were recorded, as well (by 

using an electronic clinometer). Tree heights of the other trees were estimated with allome-

tric models calibrated for each plot using the sample trees.  

 

In total, there were 2203 trees in the study area: 2107 Scots pines, 90 Norway spruces (Picea 

abies) 4 grey alders (Alnus incana), and 2 downy birches (Betula pubescens). Accordingly, 

the portion of Norway spruce was 4.1% and the portion of deciduous trees 0.3%. The quality 

of the trees was weak: only 15% of Scots pine trees were considered normal in the field 

measurements. Others were branchy or bendy. Basically, Myrtillus type sites are better suited 

for Norway spruce (Cajanus 1926), which might explain the poor quality. Yet, 95.1% of the 

Scots pines were considered healthy by damage class. Of the damaged Scots pines, 1.3% 

were standing dead, 2.0% were stem damaged, and 1.1% suffered from needle loss. Other 

damaged trees were fallen or had cut or changed treetop.  

 

2.2 Data acquisition 

 

The data acquisition is originally described by Saarinen et al. (2020, 2021) and Yrttimaa et 

al. (2020a, b). TLS data was acquired using Trimble TX5 3D phase-shift laser scanner (Trim-

ble Inc.). The used wavelength was 1550 nm with 976 000 points per second. The resulting 

point cloud was hemispherical (300° vertical, 360° horizontal), angular resolution in both 

vertical and horizontal direction was 0.009°, and the beam divergence 0.011°. The maximum 

range from sensor was 120 m.  
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The TLS measurements were implemented between September and October 2018. In each 

of 27 sample plots, eight scans were carried out: two scans on two sides of the centre and six 

scans closer to the borders. The scanner was placed on a tripod at the height of ~1.7 m from 

the ground. At 10 m distance, the scan resolution of point distance was ~6.3 mm. White 

spheres (with diameter 198 mm) were placed around the sample plots for reference targets 

so that scans could be registered into one coordinate system. The registration was imple-

mented with FARO SCENE software (version 2018) (mean distance error 2.9±1.2 mm, mean 

horizontal error 1.3±0.4 mm, and mean vertical error 2.3±1.2 mm). The average point den-

sity of the multi-scan point clouds was 52 000-91 000 points/m2. 

 

The UAV point clouds were acquired in October 2018 using Gryphon Dynamics quadcopter 

equipped with an Applanix APX-15-EI UAV positioning system consisting of a multiband 

GNSS, IMU, a Harxon HX-CHX600A antenna, and two Sony A7R II digital cameras 

(CMOS sensors of 42.4 MP with Sony FE 35 mm f/2.8 ZA Carl Zeiss Sonnar T* lenses). 

Cameras were mounted in + 15° and −15° angles. Images were acquired in every two sec-

onds and locations were recorded for each image. The flying altitude was 140 m and the 

speed 5 m/s. The number of captured images were 639 (Palomäki), 614 (Pollari), and 663 

(Vesijako). The forward overlap was ~90% and the side overlap ~80%. For each trial, eight 

ground control points (GCPs) were placed and measured. The photogrammetric processing 

of aerial images is described in Viljanen et al. (2018). The point densities were 804 points/m2 

(Palomäki), 976 points/m2 (Pollari), and 1030 points/m2 (Vesijako). 

 

TLS and UAV point clouds were then normalized and segmented. Point heights were trans-

formed into heights above ground with LAStools software (Isenburg 2019). TLS normaliza-

tion followed the procedure presented in Yrttimaa et al. (2019), and UAV point clouds were 

normalized with a digital terrain model provided by National Land Survey of Finland. Can-

opy height models (CHMs) at 20 cm resolution were generated from the normalized point 

clouds. Treetop positions were identified with Variable Window Filter approach (Popescu 

& Wynne 2004), and crown segments were delineated with Marker-Controlled Watershed 
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Segmentation (Meyer & Beucher 1990). TLS point clouds were divided into canopy and 

stem points. As a result, two 3D point clouds were obtained from each detected tree. 

  

2.3 Methods 

 

Box dimensions (Db) for each detected tree were calculated from TLS and UAV measured 

3D point clouds using statistical software R (version 4.0.2). Db-values were calculated from 

2140 trees since only trees that were detected both with TLS and UAV were included to this 

study. In addition, 75 detected Norway spruces were removed (no other tree species in Db-

values). Therefore, the total sample size was 2065. The edge length of the initial box corre-

sponded to tree height and the following box sizes were tree height divided by 2, 4, 8, 16, 

32, 64, and 128. Db-values were calculated with the natural logarithms of boxes needed (N) 

and the edge length of each box divided by the initial box size (r). Results were plotted so 

that values of ln(N) were in vertical axis and values of ln(1/r) in horizontal axis. The slope 

of the trend line determined the Db-value. Illustration is presented in Figure 4.  

 

 
Figure 4. Terrestrial laser scanning (TLS, left) and unmanned aerial vehicle (UAV, right) measured trendlines 
for an example tree. Box dimension (Db) values were obtained by plotting eight different box sizes and num-
ber of boxes needed for each size. The slope of the trendline determined the Db-value: TLS 1.49 and UAV 
1.56. 
 

The normality of the distributions of Db-values was tested both visually and with normality 

tests. Visual tests were performed with histograms and quantile-quantile plots (Q-Q plot). A 

frequency histogram plots observed values against their frequency, and if it is approximately 

bell-shaped the normality can be assumed (Ghasemi & Zahediasl 2012). Q-Q plots illustrate 
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the correlation between a given sample and the theoretical normal distribution, and if the 

points are approximately in the reference line, the normality can be assumed (Ghasemi & 

Zahediasl 2012). Kolmogorov-Smirnov test compares the probability distribution of the 

sample set to a normal distribution and Shapiro-Wilk test is based on the correlation between 

data and the corresponding normal scores (Ghasemi & Zahediasl 2012). Based on the central 

limit theorem, with large sample sizes the distribution is bound to be approximately normal 

no matter how non-normal the underlying population distribution is. In principle, if n > 30, 

the normality can be assumed and parametric tests used (Ross 2017). 

 

In order to compare the means of TLS and UAV measured Db-values, Welch’s t-test and 

Mann-Whitney U-test were used. Parametric Welch’s t-test compares the means of two in-

dependent samples with unequal variances, and Mann-Whitney U-test is a nonparametric 

equivalent for Welch’s t-test (West 2021). For both tests, the null hypothesis is that two 

populations have equal means and that is verified with p-value > 0.05.  

 

The dispersions of Db-values, tree heights and point clouds were examined with standard 

deviation. Standard deviation measures the degree to which each variable is different from 

the mean and it is in the same unit as the original observations (Ross 2017). Large standard 

deviation indicates wide range of variables and large variability. Datasets with smaller stand-

ard deviations have a narrower spread of measurements and usually they have fewer high or 

low values. As squares are used, standard deviation is sensitive to outliers, which means that 

distant values are highlighted. In this study, sample standard deviation was used and the 

equation is: 

 

 
𝑆 = ,

∑(𝑥 − �̄�)1

(𝑛 − 1) 	
(2), 

 

where S = sample standard deviation, x = variable, x̄ = mean of variables, and n = number 

of observations. The distribution of TLS and UAV measured points was examined by 
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dividing trees longitudinally into two equal parts and calculating the proportion of points 

below and above. The differences between the ranges of TLS and UAV measured x-, y- and 

z-axes were examined by subtracting UAV ranges from TLS ranges. 

 

Of statistical analyses, simple linear regression was used to examine whether the number of 

TLS and UAV measured points explained the variation in Db-values, and whether the num-

ber of the smallest boxes explained the variation in Db-values. The coefficient of determina-

tion (R2) indicates how well the regression model fits the data, that is, how much the explan-

atory variable manages to explain the variation in the response variable (Ross 2017). R2 takes 

values between 0 and 1, such that higher values indicate a better fit (Ross 2017). 

 

Linear mixed-effect model was used to examine whether different thinning treatments af-

fected TLS and UAV measured Db-values. Mixed model was necessary due to the structure 

of the data (each thinning treatment was used in several plots within the three study sites). 

Tukey’s honest significant test was used to scrutinise between which thinning treatments 

there was a statistically significant difference in Db-values based on TLS and UAV meas-

urements. The correlations between different variables (TLS and UAV measured Db-values, 

number of points, and field measured height and DBH) were tested with Pearson correlation 

test. 

 

Statistical tests and analyses were executed either with R or SPSS Statistics software (ver-

sion 27). Figures of point clouds were created with CloudCompare software (version 2.11.1).  
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3 RESULTS 
 

3.1 Tree detection 

 

Out of all 2107 Scots pine trees identified during the field measurements in the study area, 

TLS detected 2075 trees and UAV 2065. TLS therefore missed 32 trees (1.5%) and UAV 42 

(2.0%). It was examined whether the different field measured features (canopy layer, quality, 

damages) contributed to the finding of Scots pine trees. In the field measurements, 80% of 

the pines were dominant, but of the trees not identified by remote sensing, less than 60% 

were dominant (Table 3). 15% of field measured trees were classified as normal quality, but 

of the trees not identified by TLS and UAV, the amount was only 10%. 12-13% of the trees 

not found by TLS and UAV were considered dead, whereas in the field, the amount of dead 

trees was only 1%. In addition, 4% of the field measured Scots pine trees were damaged 

(stem damage, needle loss, fallen, cut/changed treetop) but the corresponding amount of 

trees lost by remote sensing was 14-15%. 

 
Table 3. Percentages of field measured Scots pine trees and trees undetected by terrestrial laser scanning 
(TLS) and unmanned aerial vehicle (UAV) within different classes of canopy layer, quality, and damage.  
 

  Field measured (%) Undetected (%) 
  TLS UAV 
Canopy layer Dominant tree 

Co-dominant 
Intermediate 
Other 

80 
15 
3 
2 

53 
25 
3 
19 

57 
24 
2 
17 

Quality Normal 
Other 

15 
85 

9 
91 

10 
90 

Damage Healthy 
Dead 
Other 

95 
1 
4 

72 
13 
15 

74 
12 
14 

 

The tree density on the plots was inversely proportional to the detections rates. In the sparsest 

plots (intensive below, 286 trees/ha), all the Scots pine trees were detected and in the densest 

plots (no treatment, 1315 trees/ha), the detection rate was the weakest: 96-97% (Table 4).  
 



 
 
 
 
 

26 

Table 4. The tree density including all tree species, the number of undetected Scots pine trees by terrestrial 
laser scanning (TLS) and unmanned aerial vehicle (UAV), and the detection rates within different thinning 
treatments.  
 

  Undetected Scots pines Detection rate (%) 
Treatment Trees/ha TLS UAV TLS UAV 
Moderate below 712 1 3 99.6 98.7 
Moderate above 924 2 2 99.5 99.5 
Moderate systematic 958 11 15 97.8 97.0 
Intensive below 286 0 0 100.0 100.0 
Intensive above 450 3 3 98.5 98.5 
Intensive systematic 473 3 4 98.9 98.5 
No treatment 1315 12 15 97.1 96.3 
All plots 727 32 42 98.5 98.0 

 

3.2 Normality tests  

 

The frequency histograms of Db-values generated from TLS and UAV data were visually 

inspected to have a bell shape which indicates normal distribution (Figure 5). Similarly, the 

Q-Q plots followed a linear trend, although the left tail, especially in UAV measurements, 

was long and there were many outliers.  

 
Figure 5. Testing the normality of terrestrial laser scanning (TLS, left) and unmanned aerial vehicle (UAV, right) 
measured box dimension (Db) values visually with the frequency histograms (top) and the Q-Q plots (bottom). 
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The results of Kolmogorov-Smirnov and Shapiro-Wilk tests strongly reject the normality of 

the distributions with p-values < 0.001. In large sample sizes, the normality tests detect even 

the smallest deviation from the normal distribution, and if n > 30, the small p-values do not 

necessarily prevent the assumption of normal distribution (Ross 2017). 
 

3.3 Statistics of Db-values 

 

The mean and standard deviation of TLS measured Db-value were 1.51±0.11 and of UAV 

measured 1.59±0.15 (Figure 6). The range of TLS values was 1.0 and of UAV values 1.65 

(Table 5). From the histograms and Q-Q plots in Figure 5 we can see that UAV values have 

more outliers and longer left tail. Since the distant values are weighed, standard deviation 

was bigger in UAV measured Db-values and consequently, also the range of UAV values 

was wider. The median of TLS measured Db-values was 1.52 and with UAV 1.61. 

 

 

 
Table 5. Descriptive statistics of terrestrial laser 
scanning (TLS) and unmanned aerial vehicle 
(UAV) measured box dimension (Db) values. 
 

 TLS UAV 
Mean 1.51 1.59 
Median 1.52 1.61 
Standard deviation 0.11 0.15 
Minimum 0.81 0.23 
Maximum 1.81 1.88 
Range 1.0 1.65 

Figure 6. Boxplots of terrestrial laser scanning (TLS) and unmanned aerial vehicle (UAV) measured box dimen-
sion (Db) values. The bottom of the box represents the first quartile (25%), the line in the middle is the median 
(50%) and the top of the box is the upper quartile (75%). The vertical lines indicate the maximum and mini-
mum values and the individual points are outliers. 
 

Welch’s t-test and Mann-Whitney U-test were used to measure whether the means of TLS 

and UAV measured Db-values differ from each other. Both tests rejected the null hypothesis 
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with p-values <0.001. Thus, there was a statistically significant difference between the Db-

values and therefore, TLS and UAV methods did not provide comparable information on 

structural complexity of individual Scots pine trees.  

 

3.4 Point clouds 

 

TLS and UAV measured point clouds were compared in terms of number and distribution 

of the points. An example tree in Figure 7 illustrates the difference. For this tree, TLS meas-

ured 260 000 points and UAV 20 000. TLS points covered the whole tree, whereas UAV 

detected next to zero points from the stem and the ground vegetation was not properly ex-

cluded. From the histograms in Figure 7 we can see that with respect to x-axis, TLS points 

are clustered in the centre (i.e. in the stem), whereas UAV points are more evenly distributed. 

 
 

Figure 7. The example Scots pine tree is from a plot with intensive thinning from above. The canopy layer is 
dominant, and the quality is normal with no damages. The field measured height is 20.0 m, terrestrial laser 
scanning (TLS) measured 21.8 m, and unmanned aerial vehicle (UAV) measured 19.8 m. TLS measured point 
cloud is on the left and UAV measured on the right. The histograms (TLS top, UAV bottom) illustrate the 
distribution of points with respect to x-axis (NB: y-axes do not match). 
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With all the detected Scots pines (n=2065), the average point density with TLS was 494 000 

points/tree and with UAV 32 000 points/tree. Therefore, TLS measured on average 15 times 

more points than UAV. Simple linear regression was used to test whether the number of TLS 

and UAV measured points explained the variation in Db-values. The number of TLS points 

explained 27% of TLS measured Db-values (i.e. R2=0.27), and the corresponding percentage 

in UAV was 51% (p-values <0.001).  
 

The distribution of the points in the point clouds differed between TLS and UAV measure-

ments as well. With all the detected Scots pine trees, the distribution of TLS and UAV meas-

ured points was examined by dividing trees longitudinally (along z-axis) into two equal parts 

and calculating the proportion (%) of points below and above. On average, 65% of TLS 

measured points originated below and 35% above the 50% of tree height. With UAV, the 

percentages were 22% below and 78% above. 

 

The standard deviations of points were bigger in UAV measurements with respect to all 

axes. On average, UAV points had 32 cm wider standard deviation with respect to x- and y-

axes and 60 cm wider with respect to z-axis compared to the standard deviations of TLS 

points (Table 6). The differences between the ranges of TLS and UAV measured x-, y- and 

z-axes were examined by subtracting UAV ranges from TLS ranges. On average, the ranges 

of UAV measured x- and y-axes were 6 cm smaller and z-axis 1 cm smaller compared to 

TLS. However, the standard deviations were large. With respect to x- and y-axes the stand-

ard deviation was 15 cm but with respect to z-axis almost 2 m.  

 
Table 6. On the left, the standard deviations of terrestrial laser scanning (TLS) and unmanned aerial vehicle 
(UAV) measured points with respect to all axes, and on the right, the difference between the ranges with 
standard deviations (UAV measured ranges subtracted from TLS measured). 
 

 Standard deviation (cm) Difference between  
ranges (cm)  TLS UAV Difference 

x 46 78 32 6 ± 15 
y 46 78 32 6 ± 15 
z 480 540 60 1 ± 191 
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3.5 Correlations 
 

The Pearson correlation coefficients between different variables are presented in Table 7. It 

can be seen that correlation is high between TLS and UAV measured Db-values (75%), field 

measured height and DBH (73%), and the number of UAV measured points and Db-values 

(71%). Correlation is also seen between DBH and Db-values (TLS: 50%, UAV: 43%), and 

between DBH and the number of points (TLS: 49%, UAV: 69%). 

 
Table 7. Pearson correlation matrix between terrestrial laser scanning (TLS) and unmanned aerial vehicle 
(UAV) measured box dimension (Db) values, number of points, field measured height and DBH. All p-values 
<0.01. 

 Db-TLS Db-UAV Points-TLS Points-UAV Height DBH 
Db-TLS 1      
Db-UAV 0.75 1     
Points-TLS 0.52  – 1    
Points-UAV  – 0.71  – 1   
Height 0.12 0.1 0.32 0.34 1  
DBH 0.5 0.43 0.49 0.69 0.73 1 

 

The correlation between the number of UAV measured points and Db-values was further 

examined by testing whether the UAV points affected the difference of the means in TLS 

and UAV measured Db-values. Trees were divided into five classes according to how many 

UAV measured points they contained (Table 8). The means of TLS and UAV measured Db-

values of these classes were compared with Welsh’s t-test and Mann-Whitney U-test. In 

every class, the difference of the means was statistically significant (p-values <0.001), which 

means that enhancement in the amount of UAV measured points did not erase the divergence 

between TLS and UAV measured Db-values. 

 
Table 8. Detected Scots pine trees (n=2065) divided into five classes according to the number of unmanned 
aerial vehicle (UAV) measured points. The average number of terrestrial laser scanning (TLS) measured points 
in each class was consistent with UAV points. 
 

Number of UAV points Average number of TLS points   Db-TLS  Db-UAV n 
≥ 80 000 1149 000 1.68 1.77 39 
80 000 > x ≥ 60 000  795 000 1.64 1.73 166 
60 000 > x ≥ 40 000  626 000 1.58 1.69 385 
40 000 > x ≥ 20 000  483 000 1.53 1.62 826 
20 000 > x ≥ 0  315 000 1.41 1.44 649 
x ≥ 0 494 000 1.51 1.59 2065 
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3.6 Estimated tree height and number of boxes 
 

The estimated tree height is important as it is used to choose the size of the initial box in Db-

calculations. The more the tree height is underestimated, the smaller the initial box is. And 

the smaller the boxes, the more of them are needed to cover trees. In this study, the edge 

length of the smallest box was defined by dividing tree height by 128. The number of boxes 

of this size needed to cover trees was on average 64% bigger in UAV than in TLS.  

 

The mean differences between field measured tree heights and TLS and UAV measured tree 

heights were 34 cm and 54 cm, respectively (with ~7 cm standard errors) (Table 9). How-

ever, variation was large. With TLS, the standard deviation of the difference was 1.27 m and 

with UAV 1.34 m. Compared to field measurements, RMSE of TLS measured tree heights 

was 1.31 m and of UAV measured 1.44 m.  
 
Table 9. Mean tree heights and standard deviations (±) of field, terrestrial laser scanning (TLS) and unmanned 
aerial vehicle (UAV) measurements, mean difference compared to field measurements, standard errors of 
the difference, and the root mean square error (RMSE) compared to field measurements.  
 

 Mean height (m) Mean difference (m) Standard error (m) RMSE (m) 
Field 20.01 ± 2.33 - - - 
TLS 19.67 ± 2.29 0.34 ± 1.27 0.072 1.31 
UAV 19.48 ± 2.35 0.54 ± 1.34 0.073 1.44 

 

Simple linear regression was used to determine whether the number of the smallest boxes 

affected TLS and UAV measured Db-values. R2 for TLS was 0.79 and for UAV 0.68. That 

is, the number of the smallest boxes explained 79% and 68% of the variation in Db-values 

(p-value <0.001). In addition, Pearson correlation was tested: with TLS it was 89% and with 

UAV 82% (p-values <0.001). Thus, the divergence in TLS and UAV measurements can 

partially be explained by the differences in height estimates and the resulting differences in 

the number of the boxes affecting Db-values. 
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3.7 Thinning treatments 
 
The study area was exposed to six different thinning treatments plus one control group with 

no treatment, which made it possible investigate whether the divergence in TLS and UAV 

measured Db-values varied within different forest structures. Welch’s t-test and Mann-Whit-

ney U-test were used to measure whether the means of TLS and UAV measured Db-values 

differed from each other within different thinning treatments. In every treatment, the differ-

ence of the means was statistically significant (p-values <0.001). Therefore, forest structure 

had no significant effect on the divergence of TLS and UAV measured Db-values. 

 

Linear mixed-effects model was used to examine whether different thinning treatments af-

fected Db-values, and it was found that thinning treatments affected significantly both TLS 

and UAV measured Db-values (p-values <0.001). Tukey’s test was used to further determine 

between which thinning treatments there was a statistically significant difference in Db-val-

ues based on TLS and UAV measurements 

 

Within the same thinning intensity (i.e. moderate, intensive), the different thinning types (i.e. 

below, above, systematic) were not causing significant difference in Db-values (p-values 

>0.05). However, with TLS measurements, significant differences occurred within the same 

thinning type between the two thinning intensities (p-values <0.001). With UAV measure-

ments, only the systematic thinning differed between the two intensities (p-value =0.02). 

Plots with no treatment differed from all other thinning treatments (p-values <0.04) except 

from the moderate systematic thinning (p-values ~ 0.2).  

 

From Table 10 and Figure 8, it can be observed that TLS and UAV measured Db-values 

varied within different thinning treatments. Db-values were bigger in the intensive thinning 

treatments compared to moderate thinnings and the smallest on the control plots. According 

to the thinning type, the order of Db-values from largest to smallest is below, above, system-

atic. With UAV, the average Db-values of above and systematic thinning types are approxi-

mately the same, but the standard deviation is greater in the latter. In general, standard 
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deviations were larger in UAV-based Db-values. The largest deviation of UAV measured 

Db-values appeared on plots with moderate thinning from below. With TLS, the deviation is 

largest on control plots. With both TLS and UAV, deviation was larger on plots with mod-

erate compared to intensive intensity. 

 
Table 10. Means (with standard deviations, ±) of terrestrial laser scanning (TLS) and unmanned aerial vehicle 
(UAV) measured box dimension (Db) values, and average point densities/tree in thousands (with standard 
deviations, ±) within different thinning treatments. 
 

Treatment Db-TLS Points-TLS Db-UAV Points-UAV 
Moderate below 1.51 ± 0.10 515 ± 318 1.59 ± 0.17 36 ± 18 
Moderate above 1.50 ± 0.09 460 ± 286 1.57 ± 0.12 27 ± 17 
Moderate systematic 1.49 ± 0.10 428 ± 290 1.57 ± 0.14 28 ± 15 
Intensive below 1.65 ± 0.06  912 ± 435 1.72 ± 0.07 70 ± 22 
Intensive above 1.60 ± 0.08 615 ± 308  1.68 ± 0.07 39 ± 17 
Intensive systematic 1.59 ± 0.08 577 ± 348 1.68 ± 0.08 42 ± 17 
No treatment 1.43 ± 0.11 384 ± 282 1.49 ± 0.16 19 ± 12 
All plots 1.51 ± 0.11 494 ± 330 1.59 ± 0.15 32 ± 20 

 

 
Figure 8. Boxplots of terrestrial laser scanning (TLS, left) and unmanned aerial vehicle (UAV, right) measured 
box dimension (Db) values (y-axis) within different thinning treatments (x-axis). The lower outsiders are cut 
off from the graphs. 1=moderate below, 2=moderate above, 3=moderate systematic, 4=intensive below, 
5=intensive above, 6=intensive systematic, 7=no treatment. 
 

From Table 10 we can also see that the point density differed within the different thinning 

treatments. The largest point densities were found on plots with intensive thinning from be-

low and the lowest on control plots. These finding are consistent with Db-values (the more 

points the larger Db-value). However, with point density, the largest standard deviation was 
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not on the densest plots (control plots) but on the sparsest (intensive below). The smallest 

deviation was observed from the control plots.  

 

The distribution of the points was examined by dividing trees in half with respect to z-axis 

(i.e. longitudinally) and calculating points above and below (Table 11). The largest differ-

ence between TLS and UAV measurements was found on control plots (TLS: 26% above, 

74% below; UAV: 87% above, 13% below). With the intensive thinnings, both TLS and 

UAV measured above and below percentages were closest to each other. 
 

Table 11. Percentages of terrestrial laser scanning (TLS) and unmanned aerial vehicle (UAV) measured 
points above and below the midpoint of z-axis (i.e. the height of trees). 
 

 TLS UAV 
Treatment Above (%) Below (%) Above (%) Below (%) 
Moderate below 30 70 83 17 
Moderate above 34 66 82 18 
Moderate systematic 32 68 81 19 
Intensive below 44 56 69 31 
Intensive above 44 56 72 28 
Intensive systematic 42 58 72 28 
No treatment 26 74 87 13 
All plots 35 65 78 22 

 

Both with TLS and UAV measured points, the smallest standard deviation of x- and y-axes 

was found on the plots with no treatment and the largest on the plots with intensive thinning 

below (Table 12). With respect to z-axis, the minimum standard deviation was found either 

on plots with intensive systematic thinning from above (TLS) or on control plots (UAV), 

and the maximum on plots with moderate thinning above (TLS) or on plots with intensive 

thinning below (UAV). 

 

The differences between the ranges of TLS and UAV measured x-, y- and z-axes varied 

within different thinning treatments (Table 13). The largest differences with respect to x- 

and y-axes can be found on plots with intensive thinnings. Interestingly, the largest differ-

ence with respect to z-axis was found on plots with moderate systematic thinning from 

above, and there the range of UAV points was larger than the range of TLS points. The range 
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of UAV points in z-axis was larger also on the plots with moderate thinning from below. 

However, the deviation was large again: 0.43–3.31 m with respect to z-axis, and 8–19 cm 

with respect to x- and y-axes.  

 
Table 12. Standard deviations of terrestrial laser scanning (TLS) and unmanned aerial vehicle (UAV) measured 
points with respect to x-, y, and z-axes within different thinning treatments.  
 

 Standard deviation TLS 
(m) 

Standard deviation UAV 
(m) 

Treatment x y z x y z 
Moderate below 0.46 0.45 4.88 0.83 0.81 5.42 
Moderate above 0.44 0.44 5.05 0.76 0.76 5.30 
Moderate systematic 0.37 0.40 5.50 0.75 0.75 5.54 
Intensive below 0.80 0.78 5.03 1.07 1.07 6.81 
Intensive above 0.60 0.60 4.71 0.85 0.85 5.94 
Intensive systematic 0.55 0.56 4.66 0.81 0.83 5.92 
No treatment 0.34 0.33 4.69 0.67 0.67 4.37 
All plots 0.46 0.46 4.80 0.78 0.78 5.40 

 
Table 13. The difference between the ranges with standard deviations within different thinning treatments 
(unmanned aerial vehicle (UAV) measured ranges subtracted from terrestrial laser scanning (TLS) measured). 
 

 Difference between  
ranges (cm) 

Treatment x y z 
Moderate below 6 ± 16 6 ± 15 -13 ± 226 
Moderate above 4 ± 8 5 ± 8 1 ± 166 
Moderate systematic 5 ± 14 5 ± 17 -38 ± 157 
Intensive below 11 ± 13 11 ± 11 3 ± 63 
Intensive above 13 ± 16 12 ± 14 29 ± 65 
Intensive systematic 9 ± 11 9 ± 11 13 ± 43 
No treatment 4 ± 19 3 ± 19 34 ± 331 
All plots 6 ± 15 6 ± 15 1 ± 191 

 

The accuracy of TLS and UAV measured tree heights compared to field measured heights 

varied within different thinning treatments as well. With TLS, RMSE of tree heights varied 

between 0.7–1.7 m and with UAV 0.8–2.1 m being the smallest on the plots with intensive 

thinning from below and largest on the plots with no treatment. The number of the smallest 

boxes (tree height/128) varied within different thinning treatments in a way that both with 

TLS and UAV measurements, the most boxes were on the plots with intensive thinning from 

below and least boxes on the control plots.  



 
 
 
 
 

36 

4 DISCUSSION 
 
4.1 Tree detection  

 

In general, Db-values are relatively easy to calculate, but individual trees must first be de-

tected and extracted from the point cloud data. In this study, trees were harder to detect with 

remote sensing (both TLS and UAV), if the canopy layer was other than dominant, the qual-

ity deviated from normal, or the trees were damaged. The undetected trees located mainly 

on the plots where no treatments or only moderate treatments had been performed, that is, 

on the plots with denser forest structure. TLS detected trees more efficiently than UAV.  

 

From the approximately same data, Yrttimaa et al. (2020a) noticed that most of the trees 

remaining undetected with TLS were small (in terms of DBH and height) and suppressed. 

This is reasonable since smaller trees have less surface directly visible for TLS and are, thus, 

more likely to be occluded by the other trees. Yrttimaa et al. (2020a) also remarked that tree 

and undergrowth density caused the occlusion. Liang et al. (2016) remarked that the forest 

structure has a large impact on the tree detection, and like this study, tree density was noted 

to be inversely proportional to the detection rates. In addition, this study confirmed the pre-

vious results of Yrttimaa et al. (2020b), where TLS was more efficient in detecting trees than 

UAV.  

 

4.2 TLS and UAV measured Db-values 

 

The main result of this study was that TLS and UAV measured Db-values differed signifi-

cantly from each other and did not provide comparable information on the structural com-

plexity of the individual Scots pine trees. This answers the research question 1. On average, 

UAV measured Db-values were 5% larger than TLS measured values, and therefore UAV 

defined trees to be structurally more complex than was observed with TLS. The standard 

deviation and range of Db-values were larger with UAV than TLS implying that the UAV 

measurements were not as consistent. 
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However, UAV-based Db-values were in relation to TLS-based, and therefore they could be 

used to examine the relative structural complexity. Absolutely correct Db-values cannot be 

obtained from the UAV data. In addition, the correlation between TLS and UAV measured 

Db-values was high (75%), and therefore TLS values can roughly be predicted from UAV 

values with simple linear regression. Yet, the uncertainty of this model is considerably large 

since the UAV obtained points consider also the ground vegetation, and the logarithmic cal-

culation of Db-values may cause confusion.  

 

4.3 Point density 

 
Point density is one of the most important metrics for evaluating the quality of LiDAR equip-

ment (Li et al. 2019). If the number of points per tree is limited, the structural complexity of 

a tree cannot be fully reconstructed (Yrttimaa et al. 2020a). In this study, TLS measured 15 

times more points per tree than UAV, and it can be said that Db-values derived from TLS 

point clouds described the structural complexity of the Scots pine trees more accurately. This 

explains the divergence between Db-values (research question 2). Both with TLS and UAV, 

high point densities and high Db-values occurred together. The connection between the 

points and the Db-values may be due to the fact that the trees with higher Db-values were 

generally older and larger, and consequently, had more surface to be registered.  

 

In this study, the individual trees from the plot-specific UAV point clouds were segmented 

in such a way that all points under each canopy segment were included to the point cloud of 

an individual tree. Consequently, the UAV point clouds included points from the ground 

vegetation. It can be assumed that with large trees, the amount of points obtained from the 

ground was even higher since the canopy segments were wider. With TLS point clouds, the 

ground vegetation was excluded more efficiently.  

 

Saarinen et al. (2021) observed that the crown dimensions (i.e. crown width, projection, and 

volume) affected the structural complexity more than the stem attributes (i.e. DBH, height, 

and stem volume). In this study, TLS point clouds were divided into the canopy and stem 
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points but UAV point clouds were not, and because of that, the structural complexity of the 

canopies were not compared. In future research, it would be noteworthy to investigate 

whether the Db-values measured from the canopies are consistent with the values of the 

complete tree, and if so, examine whether TLS and UAV measured Db-values of the canopies 

differ significantly from each other. This could also minimize the problem caused by the 

UAV measured ground vegetation points. 

 

The amount of the points affected the variation in Db-values, especially with UAV 

(R2=51%), but enhancing the amount of UAV measured points did not erase the divergence 

between TLS and UAV measured Db-values. This implicates that the distribution of the 

points played a bigger role in the divergence than point density. 

 

4.4 Distribution of points  
 

The distribution of the points in TLS and UAV measured point clouds explains the diver-

gence between the Db-values (research question 2). On average, 65% of TLS measured 

points were placed below and 35% above the midpoint of the tree height. With UAV, the 

percentages were 22% below and 78% above. This seems reasonable because TLS measured 

trees from below and UAV from above. In addition, UAV-SfM was not able to penetrate the 

canopies, which led to the understory being poorly described. The difference between the 

percentages of TLS and UAV measurements was most glaring when the structure of the 

forest was the densest (no treatment), and it levelled out as the forest structure became 

sparser (intensive treatments). This is because in the sparser forest structures, UAV was bet-

ter able to receive observations through the canopy. In addition, in the sparser plots where 

trees were having more space to grow, canopies were wider and therefore more points from 

the ground vegetation might have been obtained.  

 

The standard deviations of the points with respect to all axes were larger in UAV measure-

ments compared to TLS (x and y +32 cm, z +60 cm). The difference in x- and y-axes can be 

explained by the fact that TLS points were more closely clustered near the stem. With UAV, 
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not that much observations from the stem existed, and the points from the outer edges of the 

crown affected more. The difference in z-axis can be explained by the fact that with UAV, 

more points were obtained from the upper part of the tree but at the same time, the ground 

vegetation was not properly excluded, which increased the standard deviation of the points. 

The standard deviations of the points were largest on the plots with intensive thinning from 

below and the smallest on the plots with no treatment. This is reasonable since on the control 

plots, trees had less space to grow, canopies were smaller, and therefore, trees were more 

similar to each other. 

 

The point ranges were smaller in UAV measurements when compared to TLS with respect 

to all axes (x and y -6±15 cm, z -1±191 cm). This is because UAV method was not able to 

observe the extreme points as well as TLS and was averaging the treetops and sides. Simi-

larly, as in the study by Wilkinson et al. (2016), UAV was noted to round off the sharp edges. 

In addition, UAV estimated tree heights were on average 30 cm smaller than TLS, which 

affected the z-range. The largest differences between TLS and UAV measured ranges with 

respect to x- and y-axes were observed on the plots with intensive thinnings. With respect to 

z-axis, UAV range was smaller than TLS range on the plots with intensive thinning but larger 

on the most plots with moderate thinnings. This explains the large standard deviation.  

 

Since the differences in the number and distribution of the points in TLS and UAV measured 

point clouds explain the divergence between Db-values, the hypothesis 1 is confirmed.  

 

4.5 Estimated tree height and number of boxes 

 

The accuracy of the TLS and UAV measured tree heights compared to the reference field 

measurements have been examined in several studies. It is well known that TLS typically 

underestimates the tree height by a few meters because the upper parts of the canopies can 

be difficult to detect from the ground and because the treetops are often occluded by the 

other trees (Liang et al. 2016, Yrttimaa et al. 2020a, b).  

 



 
 
 
 
 

40 

Krooks et al. (2014) reported -2.2 m mean difference with 0.25 m standard error between 

TLS and the reference data in the stands, which were dominated by ~75-year-old Scots pine 

trees (600-800 stems/ha). In the study by Yrttimaa at al. (2020a), TLS underestimated the 

heights of Scots pine trees on average by 0.3 m with 1.6 m RMSE. Kameyama & Sugiura 

(2020) examined the accuracy of UAV-SfM in the tree height measurements with Sakhalin 

fir trees (Abies sachalinensis) and noticed that also the UAV measured tree heights tended 

to be lower than the field measured. With the flight altitude of 140 m, the RMSE varied 

between 5.2 m (22%) and 7.2 m (35%). Kameyama & Sugiura (2020) further remarked that 

higher tree heights and higher flight altitudes decreased the accuracy of the tree height esti-

mates. 

 

In this study, the mean differences between the tree heights were -0.34 m in TLS and -0.54 

m in UAV (with ~7 cm standard errors) The RMSE values of TLS and UAV were 1.31 m 

and 1.44 m, respectively. The tree density over the whole study site was ~700 stems/ha and 

the flight altitude 140 m. Compared to Krooks et al. (2014) and Kameyama & Sugiura 

(2020), the accuracy of both TLS and UAV was considerably better in this study.  

 

UAV underestimated the tree heights more than TLS, which caused the box sizes of the box 

dimension method to be smaller. When the boxes were smaller, more of them were needed 

to cover the trees and this resulted in larger Db-values. In addition, the deviation of the points 

with respect to all axes was bigger in UAV than in TLS, which further increased the number 

of boxes and accordingly raised the Db-values. The TLS points were clustered more closely 

near the stem whereas with UAV, there were not as many observations from the stem, and 

therefore the points from the outer edges of the crowns were affecting more. Because a larger 

number of scattered boxes yields a higher Db-value, the UAV measured Db-values were 

higher than TLS measured.  

 

Another answer to the research question 2 is that the differences in the estimated tree heights 

and number of boxes explain the divergence between Db-values, and the hypothesis 2 is 

confirmed.  
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4.6 Forest structure 

 

Forest management affects the forest structure. With different thinning types and levels of 

intensities, one can determine the water, light, and nutrient availability of the forest (Saarinen 

et al. 2021). The competition of these resources between the trees, in turn, affect the struc-

tural complexity of the individual trees. In this study, the growing environment of the Scots 

pine trees on the different plots diverged from each other depending on different manage-

ment history. When examining whether the forest structure effects the divergence between 

TLS and UAV measured Db-values, it was found that the means of the TLS and UAV meas-

ured Db-values differed significantly within all the different thinning treatments. Therefore, 

the forest structure had no effect on the divergence between TLS and UAV measured Db-

values (research question 3).  

 

However, the different thinning treatments significantly affected the variation of both TLS 

and UAV measured Db-values. The thinning intensity (i.e. moderate, intensive) was ob-

served to affect more than the thinning type (i.e. below, above, systematic). In addition, the 

number and distribution of the points as well as the accuracy of tree height measurements 

varied within the different thinning treatments. The plots with intensive thinning from below 

and the plots with no treatment formed the two extremes between which the differences were 

the largest. Although TLS and UAV measured Db-values were not comparable in any plots, 

the sparser the forest was, the better results UAV provided. This partly confirms the hypoth-

esis 3. On the plots with intensive thinning, more trees were detected, more points obtained, 

and the percentages of above and below obtained points were closer to each other.  

 

The stronger the executed thinning, the less competition and more space to grow there were 

for the remaining trees. Consequently, largest Db-values were reached on the plots with in-

tensive thinnings. Especially on the plots with intensive thinning from below, where the 

suppressed and co-dominant trees were removed and the largest trees left to grow, the struc-

tural complexity was high. Whereas on the control plots, where no treatment had been per-

formed since the establishment and the forest structure was the densest, the Db-values were 
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smaller and also the standard deviations of the points with respect to all axes were smaller. 

That is, the trees were structurally less complex and more similar to each other when com-

pared to trees on the other plots.  

 

Db-values from the plots with no treatment differed significantly from all the other plots 

except the plots with moderate systematic thinning. These plots were closest to the control 

plots in terms of the Db-values, the number of points, the standard deviations of points, and 

the percentages of points above and below the midpoint of z-axis. This is reasonable since 

in the systematic thinning, all the dominant trees had been removed and small and suppressed 

trees were left to grow. The thinning treatment had been carried out approximately ten years 

before the measurements, and therefore the trees on these plots may not have had sufficient 

time to take advantage of the vacant space. 

 

The relationship between the structural complexity and the forest structure has been exam-

ined in several studies, and the competitive pressure has been confirmed to reduce Db-values. 

Juchheim et al. (2017) reported that different levels of the forest management intensities 

significantly affected the structural measures of European beech (Fagus sylvatica) trees 

(n=55). Lower stand densities resulted in less competition, which again facilitated the crown 

growth. Dorji et al. (2019) also studied the European beech trees (n=24) and found a high 

correlation (-65%) between the competition strength and the Db-values. The correlation was 

even stronger (-78%) between the competition strength and the intercept of the Db-regression 

line. With red oak (Quercus rubra) trees (n=93), Seidel et al. (2019a) noticed that Db-values 

decreased with increasing competition. Seidel et al. (2019a) concluded that high Db-values 

indicate an unrestricted growth in the past.  

 

All of the aforementioned studies have been performed with rather small samples of decid-

uous trees, but recently research has started to appear also on conifers. As in this study, 

Saarinen et al. (2021) found that the forest management affects the structural complexity of 

the individual Scots pine trees in the managed boreal forests. They discovered a statistically 
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significant difference in Db-values between the different thinning treatments and reported an 

increasing structural complexity as the thinning intensity increased. 

 

 

5 CONCLUSIONS 
 

Structurally more complex forests seem to maintain ecosystem functions and services more 

reliably and have higher functional diversity compared to less complex forests such as 

planted monocultures (Jayathunga et al. 2018). Structures of natural and old-growth forests 

such as diverse tree species, different age classes, multiple canopy layers, and variation in 

the spatial distribution of trees improve forests’ ability to adapt to environmental changes 

(Hernandez-Tecles et al. 2015, Seidel et al. 2016, Jayathunga et al. 2018). Forest manage-

ment affects the forest structure, and it has a major impact on the economic and ecological 

values of the forests. If desired, forest management can be directed to the “management for 

complexity”, and for that, it is essential that the level of structural complexity can be defined. 

 

The purpose of this study was to compare the structural complexity measured by TLS and 

aerial imagery acquired with UAV. It was found that the box dimension values derived from 

UAV measurements were not comparable with the values obtained from TLS measurements. 

However, it is worth pondering could the accuracy of the TLS data be improved by comple-

menting it with the UAV data. The problem with TLS appears to be that the upper parts of 

canopies remain poorly detected, whereas the measurement geometry of UAV is especially 

suitable for the upper canopy. In this study UAV was equipped with digital cameras, but it 

would also be interesting to study how the results change if an airborne laser scanner (ALS) 

was used instead of the cameras. While this would not lead to savings, the tree height esti-

mates and the number and distribution of the points in the point clouds could be more similar 

to the TLS data. 
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The tree-level structural complexity was defined with fractal-based box dimension, which 

currently is the most usable option for these investigations. Box dimension is relatively easy 

to calculate whenever the point cloud information of the individual trees is available – which 

might be problematic in dense stands. Another disadvantage is that the box dimension 

method is not suitable for measuring deadwood. Management for complexity is often based 

on emulating the structures of natural and old-growth forests, and the amount of deadwood 

is a major factor in natural forests. With the remote sensing systems of this study, woody 

debris or fallen trees are unlikely to be detected as trees and therefore, no point clouds can 

be formulated of them. For the standing dead trees, the point clouds are produced but the 

box dimension method does not distinguish them from the living trees. In addition, if the 

standing dead trees do not have branches, the Db-values approach the value 1, which implies 

a weak structural complexity. This can be true at the tree-level, but not necessarily in the 

stand-level.  

 

In this study, structural complexity was examined only at the tree-level, and the next big 

question is whether and how the results of the tree-level can be generalized to the stand-

level. Another question is whether the forest management recommendations can be derived 

only from the tree-level studies. From the results of this study, one can draw a conclusion 

that the structural complexity of the Scots pine trees in boreal forests increases if forests are 

thinned more intensively than is suggested in prevailing Finnish thinning guidelines. The 

highest box dimension values were reached on plots with intensive thinning from below 

where all suppressed and co-dominant trees were removed. However, this reduces precisely 

those factors that are considered as the sources of structural complexity at the stand-level: 

diverse tree species, different age classes, and multiple canopy layers. Similarly, according 

to this study, the structural complexity is at its lowest on plots where no treatments were 

executed. However, one must keep in mind that this study only concerned managed forests, 

and the situation might be completely different in natural forests, where the forest structure 

has developed over the centuries.  
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Examining the structural complexity of individual trees with box dimension method is rather 

novel research field and further investigation is clearly needed on different tree species, di-

verse stands, and unmanaged forests. The shift from the tree-level to the stand-level also 

requires closer scrutiny. At the very beginning of this study I stated that forest structure 

refers to all dimensional, architectural, and distributional features of tree individuals in a 

given space at a given time. As we can see, there are many variables in this equation – forest 

is a complex matter.  
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