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ABSTRACT 

Monitoring changes in biodiversity and understanding their impact on society is crucial for conservation 

efforts and ecosystem management. Essential Biodiversity Variables (EBVs) have been established as a 

standardised framework to comprehend and track biodiversity changes, supporting these efforts. One key 

EBV that provides valuable information on ecosystem structure and function is the Leaf Area Index 

(LAI), a critical biophysical parameter of vegetation. The estimation of LAI using indirect methods is 

highly dependent on the leaf angle distribution (LAD). However, accurately measuring LAD has been 

challenging, leading to the limited characterisation of this parameter. It is often simplified using predefined 

mathematical functions, overlooking its actual variation. In recent years, Terrestrial Laser Scanning (TLS) 

instruments have emerged as valuable tools for acquiring detailed measurements of canopy structure. 

Various methods have been proposed to extract LAD information from TLS data, but the 

intercomparison of these methods is yet to be reported. 

This study addressed this gap by testing and comparing available TLS-based algorithms for estimating 

LAD using real tree data obtained from terrestrial Light Detection and Ranging (LiDAR) scans. The 

performance of these TLS-based algorithms was also evaluated against the established levelled digital 

photography (LDP) approach, and simulated LiDAR data from synthetic 3D tree models was used for 

further analysis. The inter-comparison results indicated that, while there were some notable variations, 

most TLS-based algorithms did not exhibit significant differences in their LAD estimates for real trees 

when compared to other algorithms. Among the TLS-based algorithms, the Bailey and Mahaffee (2017), 

Point Cloud Library (PCL), Vicari et al. (2019), and Zheng and Moskal (2012) algorithms demonstrated 

better performance than the Liu et al. (2019) and Stovall et al. (2021) algorithms, which performed poorly 

in their LAD estimation. Furthermore, the use of synthetic scans revealed that TLS algorithms showed 

better performance in estimating LADs that had more leaf area facing the scanner's direction. The study 

highlighted that the algorithms that used merged point clouds performed better than their single-scan 

counterparts. Overall, TLS offered a more comprehensive representation of the canopy structure, 

capturing the entire canopy height profile and overcoming the limitations of the LDP approach.  

Benchmark datasets, evaluation protocols and availability of algorithms shall promote fairness, 

reproducibility, and the advancement of LAD estimation techniques by enabling researchers to identify 

strengths, weaknesses, and further areas for improvement in their algorithms. 

Keywords: 3D, Leaf angle distribution (LAD), Levelled digital photography (LDP), Light detection and 

ranging (LiDAR), Terrestrial laser scanning (TLS) 
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1. INTRODUCTION 

1.1. Background 

The accumulating body of evidence of accelerating global biodiversity loss has stimulated regional and 

worldwide responses through platforms that include the United Nations Sustainable Development Goals 

(SDGs), the Convention on Biological Diversity (CBD) (Pereira et al., 2013; Skidmore et al., 2021) and 

more recently, the European Union’s (EU) Biodiversity Strategy for 2030 (European Union, 2020). 

Essential Biodiversity Variables (EBVs) were formulated by the Group on Earth Observations 

Biodiversity Observation Network (GEO BON) as crucial measurements for studying, reporting, and 

management of biodiversity change (Pereira et al., 2013). Six EBV classes include genetic composition, 

species populations, species traits, community composition, ecosystem function, and ecosystem structure 

(Pereira et al., 2013). The gap between biodiversity monitoring initiatives and policymakers can be bridged 

through EBVs by determining the state and trends of biodiversity (Geijzendorffer et al., 2016). EBVs 

generation is conducted by integrating primary observations or field data with remote sensing (Skidmore 

et al., 2021). 

Light interception is essential in estimating canopy productivity (Niinemets, 2010). Plants seek to optimise 

light harvesting by increasing total leaf area or enhancing the effectiveness of light interception per unit 

leaf area (Raabe et al., 2015). However, shading may limit leaf exposure, thus lowering the productivity 

potential (Niinemets and Fleck, 2002). Plants adjust their leaf angles to improve light transmission, 

enhancing light availability throughout their vertical canopy profile (Niinemets, 2010; Raabe et al., 2015). 

Vegetation canopies are usually described through structural parameters, one regarding leaf amount and 

characterised through leaf area index (LAI), while the other is about leaf orientation, denoted through leaf 

angle distribution (LAD) (Zhao et al., 2015). 

1.2. Leaf Area Index 

LAI is a biophysical trait of vegetation that informs the EBV classes of ecosystem structure and ecosystem 

function (García-Haro et al., 2018). It is the one-sided total green leaf area per unit of horizontal ground 

surface area (Chen and Black, 1992). Ground-based techniques of estimating LAI have been grouped into 

direct and indirect approaches (Jonckheere et al., 2004). Estimating LAI through direct methods 

comprises the destructive sampling of leaves, litterfall collection and point contact sampling (Zhao et al., 

2011; Zheng and Moskal, 2009). Direct methods have been reported to be highly accurate, albeit with the 

disadvantages of being destructive to vegetation, laborious and time-consuming, limiting their spatial and 

temporal application (Jonckheere et al., 2004; Xu et al., 2018; Yan et al., 2019). Indirect methods quantify 

LAI through measurements of other variables, such as light transmission through vegetation canopies or 

gap fraction and radiative transfer models (Colaizzi et al., 2017; Yan et al., 2019; Zheng and Moskal, 2009). 

These methods have the advantages of being generally quicker, non-destructive, and adaptable to 

automation and are thus widely used for more extensive spatial sampling (Hu et al., 2018; Jonckheere et 

al., 2004; Mu et al., 2017). Examples of indirect methods include the point quadrat approach, the use of 

ceptometers, digital hemispherical photography (DHP), laser scanning, and multispectral imaging (Zhao et 

al., 2019). These different tools apply the same physical principle, the gap fraction theory, to model the 

interactions between light and vegetation (Fournier and Hall, 2017; Yan et al., 2019). The gap fraction 

method has been widely explored and used compared to other approaches due to its established theory 

and functional and efficient measurement schemes for continuous canopies (Hu et al., 2018). Remote 
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sensing techniques, based on airborne or spaceborne platforms, have also been applied in determining 

LAI and are based on the differences in the spectral reflectance between vegetation and other land cover 

types (Jonckheere et al., 2004). These remote sensing methods facilitate coverage of large spatial extents 

non-destructively but require calibration using independent in situ LAI measurements (Colaizzi et al., 

2017). 

1.3. The G-Function 

The gap fraction theory estimates LAI through gap probability or gap size distribution based on the Beer-

Lambert law (Hu et al., 2018; Yan et al., 2019). Gap fraction illustrates the likelihood of transmitting a 

beam of light in the direction θ through a horizontally homogenous canopy without interception and is 

determined by the foliage amount and orientation (i.e., LAI and G(θ), respectively) (Zhao et al., 2019) as 

denoted by Nilson, (1971): 

 𝑃(𝜃) = 𝑒−𝐺(𝜃).𝐿𝐴𝐼𝑒/ cos𝜃        (1) 

where P(θ) is the gap probability of the light beam penetrating the canopy without being intercepted, LAIe 

is the effective Leaf Area Index (LAI), and G(θ) represents the ‘G-function’, defined as the projection 

coefficient of unit foliage area onto a plane perpendicular to the viewing direction (Ross, 1981). Eq. 1 can 

be used to indirectly estimate the effective LAI instead of the true LAI since the model assumes random 

spatial distribution of foliage; without considering the overlapping and clumping of leaves (Zheng and 

Moskal, 2009). The non-random distribution of canopy foliage, overlapping and clumping of leaves, and 

the presence of non-photosynthetic materials make it difficult to obtain the true LAI from indirect 

methods, despite efforts to eliminate some of the effects through methods such as the gap size theory 

(Chen and Cihlar, 1996; Zheng and Moskal, 2009). However, true LAI can be obtained through direct 

harvesting methods such as destructive sampling, which are also used for validation of indirect methods 

(Jonckheere et al., 2004; Weiss et al., 2004). 

The influence of LAD on light transmission through a canopy and thus on indirect LAI quantification 

through gap fraction was established as early as the 1950s, leading to the introduction of the leaf 

projection function G to represent this influence (Monsi and Saeki, 1953, 2005; Monteith, 1965; Wang et 

al., 2007; Yan et al., 2019). LAD comprises the leaf inclination and the leaf azimuthal angles, which are 

respectively defined as the angle between the zenith and the leaf surface normal (Ross, 1981) and the 

clockwise angle between the principal axis projection of vegetation foliage on the horizontal plane and the 

north direction (Lugg et al., 1981). The leaf azimuthal angle is commonly assumed to be uniform; thus, G 

can be denoted as (Wang et al., 2007; Wilson, 1960, 1967): 

𝐺(𝜃) = ∫ 𝐴(𝜃, 𝜃𝐿)𝑓(𝜃, 𝜃𝐿)𝑑𝜃𝐿                                                                                                  (2)

𝜋/2

0

 

𝐴(𝜃, 𝜃𝐿) = {
cos 𝜃 cos𝜃𝐿 , 𝑎𝑛𝑑 |cot 𝜃 cot 𝜃𝐿| > 1

cos𝜃 cos 𝜃𝐿 [1 + (2/𝜋)(tan𝜓 − 𝜓)], 𝑎𝑛𝑑 |cot 𝜃 cot 𝜃𝐿| ≤ 1
               (3) 

where 𝜓 = cos−1(cot 𝜃 cot 𝜃𝐿), θ is the incoming beam zenith angle, and θL is the leaf zenith angle. G 

has been shown to directly impact gap fraction at various viewing angles, with gap probabilities varying 

significantly at different zenith angles and LAD types (Yan et al., 2019). 

The estimation of LAD has been carried out via either direct or indirect methods (Li et al., 2018; Xu et al., 

2018). Direct geometrical methods comprise devices such as a clinometer (Gratani and Ghia, 2002) and a 
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simple device made up of a ruler, protractor, and compass (Norman and Campbell, 1989) to quantify leaf 

angle distribution. Lang (1973) developed a mechanical instrument made up of high-precision 

potentiometers with three protruding arms which can measure the coordinates of any point on a leaf by 

recording the angular information of the three arms. These approaches are based on observing individual 

leaves to acquire a representative description of the whole canopy (Norman and Campbell, 1989). Direct 

measurements can produce highly accurate results but are laborious and time-consuming (Daughtry, 

1990). The precise determination of LAD with these methods also depends on physical contact with the 

plants, which could lead to disturbance and possible damage to the foliage or limited access due to 

complexities in the canopy structure (Zheng and Moskal, 2012). Furthermore, a larger quantity of leaves 

(e.g., at least 100) should be used to estimate the LAD, and the leaves in higher canopy positions are not 

always easy to reach (Itakura and Hosoi, 2019).  

Indirect methods are based on observing how a canopy attenuates sunlight at different view angles 

(Norman and Campbell, 1989; Wagner and Hagemeier, 2006). LAD can then be estimated by inverting 

Beer’s law for radiation interception (Norman and Campbell, 1989). However, separating the effect of leaf 

angles on canopy transmittance from other structural influences, such as woody material, is difficult with 

these methods (Chen et al., 1991; Zou et al., 2014). Ryu et al. (2010) introduced a robust but affordable 

indirect method that entails the manual identification of leaf angles from levelled digital photography 

(LDP) of canopies comprised of flat leaves. The method facilitates a rapid, non-contact and highly 

accurate estimation of LAD (Ryu et al., 2010) and has been validated as a suitable way to overcome the 

shortcomings of direct methods (Pisek et al., 2011). However, this photographic method only considers 

leaves in direct view, approximately perpendicular to the camera’s viewing direction (Ryu et al., 2010). The 

technique is also challenging to automate, and significant user interaction is required to identify 

appropriate leaves for inclination angle measurement (Raabe et al., 2015). 

1.4. Research Gap and Scientific Contribution 

Terrestrial laser scanning (TLS) instruments have been increasing use when acquiring measurements from 

the canopy structure (Hosoi and Omasa, 2006; Yang et al., 2013). TLS instruments are ground-based 

devices that use light detection and ranging (LiDAR) to measure the distance to a target based on the time 

recorded between the emission of laser pulses and their return (Kissling et al., 2022; Koma et al., 2021). 

These instruments also facilitate field data collection to obtain species trait information for individual 

plants  (Kissling et al., 2018). The advantages of TLS include high angular resolution and robust anti-

interference capability (Hu et al., 2018; Xu et al., 2018). TLS has been used to provide detailed vegetation 

structure information such as the diameter at breast height (DBH) (Liu et al., 2018), leaf area index (LAI) 

(Zheng et al., 2013), tree height (Kalwar et al., 2016; Wezyk et al., 2007), above-ground biomass (Demol et 

al., 2022; Gonzalez de Tanago et al., 2018), and crown structure (Bayer et al., 2013). Various methods have 

been proposed for retrieving LAD information from LiDAR data (e.g., Hosoi and Omasa, 2006; Zheng 

and Moskal, 2012; Jin et al., 2016; Zhao et al., 2015; Bailey and Mahaffee, 2017; Li et al., 2018; Liu et al., 

2019; Vicari et al., 2019; Stovall et al., 2021), yet no intercomparison has been reported so far. 

Remote sensing biodiversity products can be converted into EBVs or biodiversity change indicators 

through the integration of data from various technologies such as LiDAR; this technology is enormously 

powerful for extracting three-dimensional (3D) habitat structures (Skidmore et al., 2021). Standardised, 

open, accessible, repeatable and reproducible measurements and processing procedures during the 

extraction of trait data are critical for reliable biodiversity monitoring (Kissling et al., 2018; Skidmore et al., 

2021). This study aims to conduct the intercomparison of different methods published in literature on 

LAD estimation for broadleaf tree species with TLS data and calibrating output from the LAD algorithms 

against the known LAD from a ‘standard’ simulated tree. 
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The thesis contributes towards the identification of a plausible, standardised approach for determining leaf 

inclination angle distributions with TLS in the field, which is a required benchmark to validate plant 

function trait indicators proposed for the EU’s Biodiversity Strategy for 2030 of nature protection and 

restoration and similar programmes (EC, 2020). 

1.5. Problem Statement 

Overall, LAD is considered integral to spectral reflectance and radiation transmission properties of 

vegetation canopies, and hence interception, absorption, evapotranspiration, and photosynthesis (Asner, 

1998; Myneni et al., 1989; Niinemets, 2010; Ross, 1981; Stuckens et al., 2009; Utsugi et al., 2006). LAD is a 

fundamental parameter of models that illustrate the energy and mass exchanges for vegetation at all scales 

(Li et al., 2018; Vicari et al., 2019). It has been considered an essential variable in canopy productivity and 

rainfall interception modelling (Xiao et al., 2000). Plants adjust leaf angle to acquire resources such as light 

or adapt to environmental changes (Darwin, 1881; Ehleringer and Forseth, 1980; Muraoka et al., 1998). 

Moreover, the leaf inclination angle can indicate plant stress, such as water deficiency, severe heat or a 

disease (Konishi et al., 2009; Omasa et al., 2007). However, challenges in measuring LAD have caused it 

to be one of the most poorly characterised parameters (Ollinger, 2011). It is typically presumed to be 

random or simplified using predefined mathematical functions without considering its variation (Liu et al., 

2019; Vicari et al., 2019). 

1.6. Research Objectives and Questions 

1.6.1. Main Research Objective 

This study aims to test, compare, and evaluate the performance of available TLS-based LAD estimation 

methods using terrestrial LiDAR data. 

1.6.2. Specific Research Objectives 

The specific objectives of this study are: 

Objective 1: To compare the available LAD estimation techniques using TLS point clouds of both real 

and synthetic trees covering the full range of the existing LAD types. 

Objective 2: To evaluate the performance of the proposed TLS-based methods using the established LDP 

approach (Ryu et al., 2010; Pisek et al., 2011).   

1.6.3. Research Questions 

Question 1: Is there an agreement between the independent methods in retrieving LAD information from 

LiDAR data? (Specific to objective 1). 

Question 2: What are the strengths and limitations of the methods used to extract LAD information from 

LiDAR data? (Specific to objective 2). 

Question 3: What might be the recommendations for improving LAD retrieval with LiDAR data in the 

future? (Specific to objectives 1 and 2). 
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2. STUDY AREA, DATA, AND ALGORITHMS 

2.1. Study Areas 

This study comprises two study areas to enhance the possibility of the TLS point clouds of the selected 

real trees covering the full range of the existing LAD types. 

2.1.1. Royal Botanic Gardens, Kew 

The first study area for this research is the Royal Botanic Gardens at Kew, London, England, depicted in 

Figure 1. The garden was established in 1759 and is located within latitudes 51º 28’20” N - 51º 28’40” N 

and longitudes 0º 17’50” E - 0º 18’10” E. It is approximately 320 acres in size, with at least 16,900 plant 

species from all over the world and is also known as the Kew Gardens (Royal Botanic Gardens, Kew | Kew). 

 

 

Figure 1: Location map of the Royal Botanic Gardens at Kew 

2.1.2. Kumpula Botanic Garden 

The Kumpula Botanic Garden (Figure 2) is in Jyrängöntie, Helsinki, Finland. The garden has two sections: 

the garden of cultivated plants and the geobotanical garden. The garden of cultivated plants contains 

various species used for economic and ornamental purposes (Kumpula Botanic Garden | LUOMUS). 



INTERCOMPARISON OF METHODS FOR ESTIMATING LEAF ANGLE DISTRIBUTION WITH TERRESTRIAL LIDAR FOR BROADLEAF TREE SPECIES 

6 

 

Figure 2: Location map of the Kumpula Botanic Garden 

2.2. Algorithms and Data 

2.2.1. LAD Estimation Algorithms 

This study evaluates the following TLS-based LAD estimation techniques introduced by Zheng and 

Moskal (2012), Bailey and Mahafee (2017), Liu et al. (2019), Vicari et al. (2019), Stovall et al. (2021) and 

the Point Cloud Library (PCL normals estimation) (Point Cloud Library). The source codes used by Zheng 

and Moskal (2012), Bailey and Mahafee (2017), Liu et al. (2019), Vicari et al. (2019), and Stovall et al. 

(2021) were acquired from the respective authors. Point Cloud Library is an online, open-source project 

for point cloud processing. 

Zheng and Moskal (2012) applied a total least squares fitting technique to reconstruct leaf normal vectors 

by fitting a plane to its six neighbouring LiDAR leaf intersection points. In their study, Zheng and Moskal 

(2012) reported good performance of their algorithm in estimating the angular variability of a small plant 

or seedling, with a 78.51% accuracy. However, in the same study, a prediction accuracy of 57.28% 

indicated less agreement for a mature tree in its natural environment. The algorithm is based on the 

Computational Geometry Algorithms Library (CGAL). This open-source C++ library grants easy access 

to efficient and reliable geometric algorithms, such as the estimation of normals (The Computational Geometry 

Algorithms Library). 

Bailey and Mahafee (2017) developed an LAD estimation method based on the triangulation of LiDAR 

leaf intersection points that directly calculates the normal vector of the plane formed by three adjacent 

points. The method also involves weighting of triangles before generating a probability density function 

for leaf orientation from triangle normal vectors. This weighting was intended to prevent a substantial 
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results bias towards the TLS scanner (Bailey and Mahaffee, 2017). The algorithm is based on the Helios 

simulation system, a flexible modelling framework that utilises a C++ API to handle tasks like managing 

geometry and associated data structures (Helios Documentation v1.2.58). 

Liu et al. (2019) sought to improve the estimation of LAD from TLS by considering the leaf size 

constraint. They initially classified point clouds based on geometric and radiometric attributes, separating 

leaves from woody material to facilitate the retrieval of LAD without the effects of the non-

photosynthetic material (Liu et al., 2019). The algorithm is based on Python 3 and uses the classified leaf 

point clouds to reconstruct leaf surfaces through plane fitting constrained by the leaf size parameter. 

Vicari et al. (2019) introduced a threshold based on the covariance matrix of neighbourhood points to 

eliminate points with significant errors from the estimated LAD. The algorithm is based on Python 2. It 

initially conducts the Nearest Neighbours search around every point in a leaf-only point cloud for nearby 

points that are then used in the estimation of leaf normals. The algorithm further deems it essential to 

strike a balance between having a number of neighbouring points small enough to lessen the probability of 

angles calculated from more than a single leaf and having an adequate number of points to decrease the 

effect of data noise (Vicari et al., 2019). 

Stovall et al. (2021) developed Terrestrial Laser Scanning Leaf Angle Function (TLSLeAF), an algorithm 

that calculates LAD from gridded point clouds. The algorithm is based on the R language and has a built-

in feature that classifies wood and leaves. TLSLeAF calculates leaf normals directly from the gridded TLS 

point clouds. The computation of the LAD is with respect to the horizon in the point cloud grid direct 

from the leaf surface normals (Stovall et al., 2021). 

The PCL is a standalone, large-scale, open-source project designed for the purpose of processing 2D/3D 

images and point clouds (Point Cloud Library). PCL has prebuilt binaries for Linux, Windows, and MacOS. 

Given a geometric surface, the Point Cloud Library normals estimation feature directly computes surface 

normals at each point in the cloud (Point Cloud Library). 

Table 1 summarises the publications and their corresponding abbreviated names, which will be used as 

references throughout this study for conciseness. 

Table 1: A summary of the publications and their corresponding shorter naming used in this study for reference 

LAD Estimation Method  Abbreviated name 

Bailey and Mahafee (2017) Bailey 

Liu et al. (2019) Liu 

Stovall et al. (2021) TLSLeAF 

Zheng and Moskal (2012) Zheng 

Point Cloud Library PCL 

2.2.2. TLS field data 

Real tree LiDAR data from the Royal Botanic Gardens at Kew were acquired on October 17th 2017, 

using a 3D RIEGL VZ-400 portable laser scanner. The scanner offers a measurement range of around 

700 m, a 1550nm wavelength and a beam divergence of 0.35 milliradians. An angular resolution of 0.04º 
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was used. A tripod was used to support the scanner at a position that was 1.5 m above the ground, and 

measurements were taken from four different positions, roughly 5 metres from each tree. Individual tree 

species that were scanned included a date plum (Diospyros lotus), the maidenhair tree (Ginkgo biloba), the 

Japanese hop hornbeam (Ostrya japonica), and the Wollemi pine (Wollemia nobilis). 

TLS point clouds from the Kumpula Botanic Garden were collected on October 12th, 2021, using a Leica 

P40 Scan Station. The scanner has a laser with a 405nm wavelength, a range of close to 270 metres, and a 

beam divergence of 0.23 milliradians. The trees of interest were scanned from four different positions. 

They included the common pear (Pyrus communis ‘Olga’), the European oak (Quercus robur), the Himalayan 

rosebay (Rhododendron cf branchycarpum) and the European beech (Fagus sylvatica). 

2.2.3. Simulated TLS data 

3D synthetic tree models were generated using Arbaro, an open-source software based on geometrical 

observables to produce and style three-dimensional trees for replicating natural scenery (Weber and Penn, 

1995). The artificial trees were further edited in Blender 3.4 (Foundation Blender). These models were then 

‘scanned’ using a simulation system to generate simulated LiDAR data of the models. 

2.2.4. LDP field data 

The levelled digital photography method (Ryu et al., 2010) was applied in the study areas under calm 

conditions to minimise the effects of wind on leaves (Tadrist et al., 2014). The cameras used were an 

Apple iPhone SE2020 with a 12-megapixel f/1.8 aperture wide camera and a Sony Xperia Z5 Compact 

phone with a 23-megapixel 1/2.3-inch multi-aspect BSI CMOS sensor, along with an F2.0 lens, both 

hand-balanced (based on the observer’s judgement). The distortion of the camera lenses has not been 

established so far. The LDP method has been shown to provide consistent results with direct leaf angle 

measurements (Pisek et al., 2011). 
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3. METHODOLOGY 

This section provides the study’s methodology to assess and compare various LAD estimation methods, 

as outlined in the Figure 3 flowchart. The following subsections outline the key steps involved in the 

methodology, including data pre-processing, algorithm implementation, and statistical analysis.  

 
Figure 3: The overall study workflow 

3.1. Data Pre-processing 

First, filtering was performed using the RiScan Pro software to remove noisy points from the real LiDAR 

data and retain only high-confidence range values based on the pulse shape deviation (Pfennigbauer and 

Ullrich, 2010). Co-registration was also conducted to align the multiple scans. The trees of interest were 

manually extracted from the co-registered point clouds using CloudCompare software. The TLS data was 

further prepared based on the specific requirements of each LAD estimation algorithm. First, as individual 

scans for each tree, the data was exported from RiScan Pro as gridded TLS scan point clouds (PTX 

format), an input file format required for the TLSLeAF algorithm (Stovall et al., 2021). Second, individual 

scans were exported into an American Standard Code for Information Interchange (ASCII) file format 

(.XYZ), and parameters for each scan were specified in a separate metadata file to facilitate data 

processing for the method proposed by Bailey and Mahaffee (2017). TLS scans of each tree species were 

also merged for the following approaches: Zheng and Moskal (2012), Vicari et al. (2019), Liu et al. (2019) 

and the Point Cloud Library. The merged scans were also converted into the PCD (Point Cloud Data) file 

format, specifically for the Point Cloud Library. 

3.2. Leaf-wood Separation 

The TLSLeAF algorithm has an inbuilt feature that separates leaves from wood using supervised 

classification (random forest) based on multiscale normal estimates (Stovall et al., 2021). However, with 

the other algorithms not possessing a similar feature, the leaf-wood separation of the real TLS scans was 

conducted using a Python package called TLSeparation. The TLSeparation package is a leaf-wood 
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classification package for TLS data that performs unsupervised classification based on geometric features 

and shortest path analysis (Vicari, 2017). Leaves were separated from the wood in the synthetic, simulated 

3D object using Aspose.3D assets extractor (Aspose.3D Product Family), an open-source application used to 

separate embedded meshes and textures from OBJ files. 

3.3. Estimation of Leaf Inclination Angles 

Different algorithms require setting various parameters to facilitate the process of LAD computation. The 

Vicari algorithm had a fixed number of neighbouring points (kNN) for each particular point set. Lmax 

values, representing the radius of the neighbourhood distance in executing the leaf constraint in Liu and a 

pre-set threshold length for comparison with triangle sides in Bailey, were set, respectively. TLSLeAF also 

involves setup options, such as the threshold of scattering angle, topographic normalisation of voxels, 

scales for normal computation, voxel resolution for LAD normalisation, and the minimum number of 

measurements per voxel. 

The subsequent TLS data, prepared based on each method’s requirements, was added to each algorithm’s 

pipeline to estimate the leaf normals and/or leaf inclination angles (LIAs). TLSLeAF, Liu, and Vicari 

provide the LIA directly, while the output of the other algorithms is leaf normal vectors. Leaf angles were 

thus calculated in degrees using: 

𝛼 = cos−1
�⃗⃗� . 𝑧 

|�⃗⃗� ||𝑧 |
 𝑋 

180

𝜋
                                                                                                                   (4) 

where �⃗⃗�  represents the normal vector and 𝑧  is the zenith vector. 

The estimation of leaf angles using TLS-based algorithms was performed on a Lenovo Thinkpad P15s 

Gen 1 laptop equipped with an Intel(R) Core i7-10610U CPU @ 1.80GHz 2.30 GHz processor. This 

machine also had Windows 10 Pro 64 and Ubuntu Linux LTS (Version 20.04) operating systems. The 

laptop featured a maximum memory capacity of 48GB 2667MHz DDR4-2666 RAM and 512GB solid-

state drive (SSD) storage. The computing setup had both a dedicated graphics card and integrated 

graphics. It included a 2GB NVIDIA Quadro P520 graphics card, as well as Intel UHD Graphics. Five 

algorithms were tested within the Windows operating system during the leaf angle estimation process, 

while the PCL algorithm was executed on the Ubuntu Linux LTS system.  

3.4. Leaf Inclination Angle Distribution 

The resulting leaf inclination angles from the algorithms were fitted with the two-parameter Beta 

distribution function (Goel and Strebel, 1984). This function was reported as best suited for the 

description of the probability density function of the leaf angle distribution (Wang et al., 2007): 

𝑓(𝑡) =  
1

𝐵(𝜇, 𝜐)
 (1 − 𝑡)𝜇−1𝑡𝑣−1                                                                                                               (5) 

where 𝜇 and υ represent the two beta distribution parameters, θL is the leaf inclination angle in radians, t = 

2θL/π, while 𝐵(𝜇, 𝜐) denotes the Beta-distribution function, further described as: 

𝐵(𝜇, 𝜐) =  ∫ (1 − 𝑥)𝜇−1𝑥𝑣−1𝑑𝑥 =  
Γ(𝜇)Γ(𝜈)

Γ(𝜇 + 𝜐)

1

0

                                                                                         (6) 



INTERCOMPARISON OF METHODS FOR ESTIMATING LEAF ANGLE DISTRIBUTION WITH TERRESTRIAL LIDAR FOR BROADLEAF TREE SPECIES 

11 

where Γ represents the Gamma function. The two parameters, μ and υ, can be computed in relation to the 

mean 𝑡 by: 

𝜐 =  𝑡 (
𝜎0

2

𝜎𝑡
2 − 1)                                                                                                                                                 (7)  

𝜇 = (1 − 𝑡) (
𝜎0

2

𝜎𝑡
2 − 1)                                                                                                                                      (8) 

where 𝜎0
2 is the maximum standard deviation of t, obtained through 𝜎0

2 = 𝑡(1 − 𝑡 ), whereas 𝜎𝑡
2 is the 

variance of t (Wang et al., 2007). 

The distribution of leaf inclination angles can be described using the six common functions proposed by 

De Wit (1965) (Figure 4) that are based on empirical evidence and mathematical considerations (Chianucci 

et al., 2018; Raabe et al., 2015). These functions include uniform, planophile, plagiophile, erectophile, 

extremophile, and spherical. Uniform canopies have an equal proportion of leaf inclination angles at any 

angle; planophile canopies are characterised by horizontally oriented leaves; plagiophile canopies by 

inclined leaves; erectophile canopies by vertically oriented leaves; extremophile canopies have a high 

frequency of both horizontally and vertically oriented leaves, and in spherical canopies, the relative 

frequency of leaf inclination angles is the same as that for a sphere (Lemeur and Blad, 1974). 

 

 
Figure 4: The six classical predefined mathematical functions by De Wit (1965). Credit: Liu et al., 2019 and Canopy — 
SCOPE 1.8 Documentation, respectively.   
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The classical distributions are extensively utilised and offer a more straightforward interpretation than the 

beta distribution’s parameter values. The measured distributions of leaf inclination angles (𝑓(𝜃𝐿)) were 

categorised by identifying the most similar classical distribution type. To calculate the difference from the 

distributions proposed by De Wit (1965) 𝑓𝑑𝑒𝑊𝑖𝑡(𝜃𝐿), a modified inclination index developed by Ross 

(1975) was applied to each leaf inclination angle distribution: 

𝑋𝐿 = ∫ |𝑓(𝜃𝐿) − 𝑓𝑑𝑒𝑊𝑖𝑡(𝜃𝐿)|𝑑𝜃𝐿

𝜋
2

0

                                                                                                             (9) 

The measured LADs were then assigned to the class that returned the lowest 𝑋𝐿 score. 

3.5. Statistical Analysis 

Statistical tests were carried out to assess the level of agreement between the leaf angle distributions 

obtained from the six TLS algorithms, including the reference LDP approach. With the algorithms 

potentially predicting a variety of LAD types, the tests were conducted using the Mann-Whitney U-Test, a 

non-parametric test which assumes no particular distribution (McKnight and Najab, 2010). The tests were 

executed using R-Studio 2022.07.2, and pairwise matrices were generated to facilitate inter-comparison 

between the algorithms. 

3.6. Generation of 3D Synthetic Trees 

The Arbaro software provides a method for defining the characteristics of tree elements based on the 

traits of their parent element (Weber and Penn, 1995). To generate synthetic trees using this software, the 

first step involved defining the geometric shape of the tree, which determines the branch length as it 

extends from the trunk at different heights. For example, a tree with a conical shape would have larger 

branches closer to the bottom of the trunk. The next stage was to determine the number of levels in the 

tree, which determines the number of sub-branches that a branch or sub-branch can have. In this study, a 

specific configuration was set that included creating the trunk, branches, sub-branches, and leaves. The 

number of branches and sub-branches and their degrees of curvature, angle and radius were defined 

relative to the entire tree. Afterwards, the shape, size, and quantity of leaves were specified. Arbaro adjusts 

the orientation of the leaves by identifying their location and normal vector in tree coordinates (Weber 

and Penn, 1995). The software then calculates the existing and desired angles to align the leaves 

accordingly. Thus, Leaf orientation adjustments were made to ensure that the 3D models obtained the 

required LAD types for the study. The artificial trees were further edited with Blender, another open-

source software, to ensure that the leaves and their normals faced outward and to facilitate the acquisition 

of the leaf normal coordinates. The generated leaves were flat without any curvature.  

3.7. Performance Evaluation of LAD Estimation Methods 

Simulated datasets were used in evaluating the consistency and performance of the leaf angle estimation 

approaches based on the fact that each simulated leaf’s location and true angle were known beforehand. 

This approach is similar to those used in previous research (Bailey and Mahaffee, 2017; Liu et al., 2019; 

Zheng and Moskal, 2012). The Helios simulation system, a flexible modelling framework that can perform 

various tasks, including managing geometry and related data structures via a C++ API (Helios 

Documentation v1.2.58), was used in the virtual scanning of the 3D models’ leaves.  

The virtual scanner was positioned 1.5 m above the ground. The scan origins were specified for eight 

different positions surrounding the 3D models to ensure complete coverage. Figure 5 outlines parameters 
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that define the overall scan for one scanner position. The ‘ASCII_format’ tag defines the column format 

of the output ASCII file; origin refers to the position of the virtual scanner; size refers to the scan 

resolution in terms of the number of points in the zenithal and azimuthal directions; thetaMin and 

thetaMax represent the range of the scan zenithal angle, while phiMin and phiMax denote the range of the 

scan’s rotation in the azimuthal direction (Helios Documentation v1.2.58). 

 

The resulting high-resolution synthetic scans were used with five TLS algorithms, excluding TLSLeAF. 

TLSLeAF relies on gridded point cloud data to estimate leaf angles, whereas the simulated datasets could 

only be generated in an ASCII file format. Screenshots of the 3D models were also taken to facilitate LAD 

estimation using the LDP approach.  

A statistical analysis involving testing the results of the 6 LAD estimation methods against the synthetic 

model using the non-parametric Mann-Whitney U-test was conducted. This test aimed to determine if 

there was a statistically significant difference between each method and the artificial model. Additionally, a 

comparative analysis was performed to generate figures that compared the LAD of the synthetic model 

with the LAD obtained from each approach using the simulated point clouds at 5-degree intervals. To 

achieve this, a normality test was performed at each 5-degree interval to assess the distribution of the data. 

If the data was found to be normally distributed, a parametric t-test was conducted. Conversely, a non-

parametric Mann-Whitney U-test was used if the data was not normally distributed. Following the 

statistical test, a plot was generated to visualise the results. If a statistically significant difference was 

detected, a shaded region was included in the plot to represent the difference. The shaded areas served as 

visual indicators of the statistical significance, helping to highlight any deviations between the synthetic 

model’s LAD and the LAD obtained from each algorithm. 

 

 

 

 

 

 

 

 

 

 

Figure 5: A sample of the synthetic scan metadata for one scanner position 
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4. RESULTS 

This section provides the findings of the study based on the proposed methodology. The results of the 

inter-comparison of LAD estimates from the LAD estimation approaches for real trees are presented. 

Moreover, the results of statistical tests to assess the level of agreement amongst the different approaches 

and the assessment of the performance of the techniques based on synthetic data are illustrated.  

4.1. LAD Estimation of Real Trees with TLS and LDP 

This section presents the LAD results for the trees of interest using three components. First, an image of 

the real trees captured in the two study areas is included, allowing for visual inspection and identification 

of individual trees. Second, a graph compares the distribution of leaf inclination angles against the leaf 

angle frequency for the six different TLS algorithms and the reference LDP approach. This graph 

provides an overview of the performance of each method in estimating the distribution of leaf angles. A 

table then summarises each method’s performance in estimating the LAD for each tree of interest. 

4.1.1. Kumpula Botanic Garden 

Most TLS algorithms predominantly classified the LAD type for the Pyrus communis ‘Olga’ tree shown in 

Figure 6(a) as erectophile, with the Bailey and TLSLeAF algorithms opting for a spherical LAD, as shown 

in Figure 6(b) and Table 2. The range between the highest and lowest ALIA values for the TLS algorithms 

was approximately 14.31º, with the standard deviation being comparable amongst the algorithms. Most 

algorithms were consistent with the reference LDP method in finding an erectophile LAD type. The TLS 

algorithms demonstrated a high number of leaf normal replicates, ranging from 783,775 to 5,083,496, 

primarily due to the utilisation of point clouds with a high sampling resolution for estimating leaf normal 

vectors in TLS (Vicari et al., 2019; Zheng and Moskal, 2012). The TLSLeAF algorithm, described by 

Stovall et al. (2021), utilises gridded point clouds to estimate multiple angles for each leaf. The Vicari 

algorithm works under the assumption that LAD can be retrieved by obtaining all valid planes fitted to the 

points in a leaf point cloud (Vicari et al., 2019). In contrast to the TLS algorithms, the LDP approach 

employed a considerably lower number of replicates, precisely 78. The LDP method involves manually 

selecting specific leaves for analysis and subsequently measuring the leaf angle inclination for each chosen 

leaf, resulting in one leaf normal replication per leaf (Pisek et al., 2011). 

Table 2: Statistical results of the LAD retrieval methods for the Pyrus communis ’Olga’ (i.e., the average leaf inclination angle 

in degrees (ALIA), standard deviation (SD), two parameters (μ and ν), LAD type based on De Wit (1965) (Distribution) and the 
number of normals’ replicates (NR)). 

Algorithm ALIA(º) SD μ ν Distribution NR 

Bailey 57.1 22.25 1.02 1.77 spherical 2123801 

Liu 71.41 19.72 0.50 1.91 erectophile 5082338 

PCL 69.55 16.68 0.93 3.18 erectophile 5082520 

TLSLeAF 55.72 19.31 1.57 2.55 spherical 4003057 

Vicari 63.39 19.70 0.99 2.36 erectophile 783775 

Zheng 67.47 17.73 0.96 2.87 erectophile 5083496 

LDP 68.69 20.05 0.62 2.01 erectophile 78 

 

Next, the Quercus robur, shown in Figure 7(a), displayed an agreement of the spherical LAD type by all the 

TLS algorithms, with a range of 7.11º between the maximum and minimum ALIA values (Table 3). 

However, the Liu algorithm showed a different leaf angle frequency compared to the other TLS 
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algorithms, as demonstrated in Figure 7(b), with its standard deviation also higher than the consistent 

range from the other algorithms. Though it indicated the lowest ALIA compared to the TLS approaches, 

the reference LDP method was consistent with the TLS algorithms’ findings in identifying a spherical 

LAD type, as depicted in Table 3. 

 

(a) 

 

(b) 

 

Figure 6: (a) An image of Pyrus communis ‘Olga’ (b) Fitted beta distributions of leaf inclination angles for Pyrus communis 
‘Olga’ for each TLS algorithm and the LDP approach. 

Table 3: Statistical results for the LAD retrieval methods for Quercus robur (i.e., the average leaf inclination angle in degrees 
(ALIA), standard deviation (SD), two parameters (μ and ν), LAD type based on De Wit (1965) (Distribution) and the number of 

leaf normal replicates (NR)). 
Algorithm ALIA(º) SD μ ν Distribution NR 

Bailey 54.46 21.84 1.21 1.85 spherical 1758680 

Liu 59.31 26.33 0.55 1.07 spherical 5140721 

PCL 57.01 20.84 1.22 2.11 spherical 5139379 

TLSLeAF 52.20 19.56 1.74 2.41 spherical 3728297 

Vicari 58.44 20.35 1.21 2.24 spherical 1925924 

Zheng 58.20 20.62 1.19 2.17 spherical 5150274 

LDP 51.19 21.47 1.43 1.88 spherical 129 

 
The scanned Rhododendron cf branchycarpum shrub tree exhibited drooping (wilting) leaves, as shown in 

Figure 8(a). Among the six TLS algorithms examined, the majority (four out of six) identified the tree’s 

LAD type as erectophile. However, Bailey and TLSLeAF suggested a spherical LAD, as indicated in Table 

4. Notably, a range of 10.36º was observed between the maximum and minimum values of the ALIA 

estimated by the different TLS approaches. The LDP method aligned with the minority by indicating a 

spherical LAD for the tree. 

For the Fagus sylvatica (Figure 9(a)), all TLS algorithms agreed on the spherical LAD type (Table 5). The 

consistency among the TLS algorithms is noteworthy, with each algorithm indicating a spherical LAD for 

this species. The range of ALIA values between the minimum and maximum estimates from the TLS 

approaches was 6.58º. However, the Liu algorithm again exhibited a distinct PDF pattern compared to the 
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other TLS algorithms (Figure 9(b)). In contrast to the TLS algorithms, the LDP method suggested a 

plagiophile LAD type for the Fagus sylvatica, with its PDF pattern and ALIA value differing from most of 

the TLS algorithms. 

 

7(a) 

 

8(a) 

 
7(b) 

 

8(b) 

 
Figure 7: (a) An image of Quercus robur (b) Fitted beta 

distributions of leaf inclination angles for Quercus robur for 

each TLS algorithm and the LDP approach 

Figure 8: (a) An image of Rhododendron cf branchycarpum 

(b) Fitted beta distributions of LIAs for Rhododendron cf 

branchycarpum 

 
Table 4: Statistical results for the LAD retrieval methods for Rhododendron cf branchycarpum (i.e., the average leaf inclination angle in 

degrees (ALIA), standard deviation (SD), two parameters (μ and ν), LAD type based on De Wit (1965) (Distribution) and the 
number of leaf normal replicates (NR)). 

Algorithm ALIA(º) SD μ ν Distribution NR 

Bailey 55.41 22.45 1.08 1.73 spherical 1496229 

Liu 65.77 21.29 0.68 1.84 erectophile 3752621 

PCL 61.58 17.12 1.57 3.40 erectophile 3752471 

TLSLeAF 57.71 18.95 1.50 2.69 spherical 3998834 

Vicari 60.17 19.10 1.30 2.62 erectophile 864441 

Zheng 63.21 17.77 1.30 3.07 erectophile 3753702 

LDP 53.10 17.22 2.30 3.31 spherical 86 
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(a) 

 

(b) 

 

Figure 9: (a) An image of Fagus sylvatica (b) Fitted beta distributions of LIAs for Fagus sylvatica 

 
Table 5: Statistical results for the LAD retrieval methods for Fagus sylvatica (i.e., the average leaf inclination angle in 
degrees (ALIA), standard deviation (SD), two parameters (μ and ν), LAD type based on De Wit (1965) (Distribution) 
and the number of leaf normal replicates (NR)). 

Algorithm ALIA(º) SD μ ν Distribution NR 

Bailey 55.6 21.68 1.17 1.9 spherical 3409206 

Liu 60.79 24.74 0.62 1.28 spherical 9286541 

PCL 57.83 19.04 1.48 2.66 spherical 9286334 

TLSLeAF 54.21 19.10 1.72 2.60 spherical 8997463 

Vicari 57.44 18.81 1.55 2.73 spherical 2632255 

Zheng 59.66 19.17 1.32 2.60 spherical 9294361 

LDP 48.47 17.05 2.73 3.19 plagiophile 125 

4.1.2. Kew Botanic Garden 

Figure 10(a) shows the scanned Wollemia nobilis tree. Most algorithms agreed on a uniform LAD type for 

the tree, except the TLSLeAF, which suggested a spherical LAD (Table 6). Despite portraying a different 

LAD type, the pattern of the PDF for TLSLeAF was consistent with most of the approaches (Figure 

10(b)). The LDP approach aligned with most TLS algorithms in identifying the uniform LAD type 

estimation and the PDF pattern. However, the Liu algorithm depicted an inverted PDF pattern compared 

to the other approaches, with its standard deviation value being notably higher than the rest. As expected, 
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the TLS-based algorithms continued to involve a high number of normal replicates in their estimation of 

LAD, as compared to the LDP approach. 

Table 6: Statistical results for the LAD retrieval methods for Wollemia nobilis (i.e., the average leaf inclination angle in degrees 

(ALIA), standard deviation (SD), two parameters (μ and ν), LAD type based on De Wit (1965) (Distribution) and the number of 

leaf normal replicates (NR)). 

Algorithm ALIA(º) SD μ ν Distribution NR 

Bailey 47.79 22.89 1.34 1.51 uniform 453612 

Liu 45.40 27.16 0.86 0.88 uniform 744902 

PCL 45.43 21.88 1.60 1.63 uniform 746278 

TLSLeAF 49.74 21.79 1.44 1.78 spherical 1084722 

Vicari 43.96 22.09 1.61 1.54 uniform 431365 

Zheng 46.49 22.34 1.48 1.58 uniform 746409 

LDP 46.71 22.05 1.52 1.64 uniform 80 

The Ginkgo biloba leaves displayed wilting characteristics, as shown in Figure 11(a). The Bailey, Liu, and 

TLSLeAF algorithms indicated a spherical LAD type in their LAD estimation for the tree. In contrast, the 

other three algorithms suggested an erectophile LAD type, as shown in Figure 11(b) and Table 7. The 

LDP method aligned with the spherical LAD type. The TLSLeAF, unlike the other TLS algorithms, 

registered an ALIA value that was 9.49º lower than the closest TLS algorithm. 

10(a) 

 

11(a) 

 

10(b) 

 

11(b) 

 

Figure 10: (a) An image of Wollemia nobilis (b) Fitted 

beta distributions of LIAs for the Wollemia nobilis 

Figure 11: (a) An image of Ginkgo biloba (b) Fitted beta 
distributions of LIAs for Ginkgo biloba  
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Table 7: Statistical results for the LAD retrieval methods for Ginkgo biloba (i.e., the average leaf inclination angle in degrees 

(ALIA), standard deviation (SD), two parameters (μ and ν), LAD type based on De Wit (1965) (Distribution) and the number of 

leaf normal replicates (NR)). 

Algorithm ALIA(º) SD Μ ν Distribution NR 

Bailey 60.38 20.94 1.01 2.06 spherical 317707 

Liu 63.80 22.65 0.66 1.60 spherical 550153 

PCL 64.27 18.29 1.13 2.82 erectophile 550787 

TLSLeAF 50.89 21.46 1.44 1.88 spherical 592273 

Vicari 64.84 17.84 1.15 2.97 erectophile 415402 

Zheng 63.92 18.45 1.13 2.77 erectophile 550809 

LDP 57.67 18.90 1.52 2.70 spherical 78 

Figure 12(a) shows the image of the scanned Ostrya japonica tree, where leaves showed noticeable drooping. 

A similar pattern to the Ginkgo biloba tree emerged in the LAD estimation of this species. The Bailey, Liu, 

and TLSLeAF algorithms once again suggested a spherical LAD type, while the other three algorithms 

indicated an erectophile LAD type, as shown in Figure 12(b) and Table 8. However, unlike for Ginkgo 

biloba, the LDP method settled for the erectophile LAD type. TLSLeAF returned a lower ALIA value than 

the other TLS algorithms, consistent with its estimation of Ginkgo biloba’s LAD (Table 7). 

Table 8: Statistical results for the LAD retrieval methods for Ostrya japonica (i.e., the average leaf inclination angle in degrees 

(ALIA), standard deviation (SD), two parameters (μ and ν), LAD type based on De Wit (1965) (Distribution) and the number of 

leaf normal replicates (NR)). 

Algorithm ALIA(º) SD Μ ν Distribution NR 

Bailey 58.49 21.33 1.07 1.98 spherical 252231 

Liu 59.50 25.30 0.62 1.21 spherical 391003 

PCL 61.16 18.75 1.29 2.73 erectophile 391260 

TLSLeAF 53.51 20.70 1.44 2.12 spherical 331822 

Vicari 62.18 18.65 1.23 2.75 erectophile 245306 

Zheng 62.07 18.91 1.19 2.65 erectophile 391279 

LDP 66.37 11.63 2.78 7.81 erectophile 90 

A similar trend with the Ginkgo biloba and Ostrya japonica arose with the Diospyros lotus (Figure 13(a)). The 

Bailey, Liu, and TLSLeAF algorithms suggested a spherical LAD type, while the PCL, Vicari and Zheng 

algorithms indicated a plagiophile LAD type (Table 9). The Liu algorithm generally agreed with the other 

TLS algorithms, as Figure 13(b) shows through its PDF pattern. Although the TLS algorithms differed in 

their LAD types, the range of the ALIA between them was only 1.16º. This difference suggests a relatively 

small variation in the estimated leaf angles among the TLS algorithms. On the other hand, the LDP 

approach agreed with the TLS algorithms that suggested an erectophile LAD type. However, the ALIA 

and SD estimated by the LDP method were noticeably lower than those obtained from the TLS 

algorithms (Table 9). This discrepancy is evident in the PDF representation of the LDP approach in 

Figure 13(b). 
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Table 9: Statistical results for the LAD retrieval methods for Diospyros lotus (i.e., the average leaf inclination angle in degrees 

(ALIA), standard deviation (SD), two parameters (μ and ν), LAD type based on De Wit (1965) (Distribution) and the number of 

leaf normal replicates (NR)). 

Algorithm ALIA(º) SD Μ ν Distribution NR 

Bailey 52.05 19.54 1.76 2.41 spherical 238518 

Liu 52.76 21.61 1.33 1.88 spherical 479766 

PCL 52.45 16.72 2.52 3.52 plagiophile 480615 

TLSLeAF 51.77 20.21 1.63 2.21 spherical 714156 

Vicari 51.95 16.09 2.80 3.83 plagiophile 354563 

Zheng 52.93 16.98 2.39 3.41 plagiophile 480642 

LDP 39.59 11.00 8.68 6.82 plagiophile 100 

 

 
12(a) 

 

13(a) 

 

12(b) 

 

13(b) 

 

Figure 12: (a) An image of Ostrya japonica. (b) Fitted beta 

distributions of LIAs for Ostrya japonica. 

Figure 13: (a) An image of Diospyros lotus. (b) Fitted beta 

distributions of LIAs for Diospyros lotus. 

4.2. Statistical Analysis 

In this study, we aimed to investigate whether the algorithms exhibited significant differences in their 

estimation of leaf angles or were consistent in producing similar LAD results. Section 4.3 highlights 

whether each algorithm showed significant differences when compared to a simulated tree with a known 

characterisation of a specific LAD type. The Mann-Whitney U test was chosen as the appropriate 

confirmatory statistical test. Tables 10 and 11 present the results of the Mann-Whitney U-test for the six 

TLS algorithms, including the LDP approach. The test was evaluated with a significance level of 0.05 for 

the Kumpula and Kew Gardens’ trees. The cells highlighted in light red indicate that the p-value is less 
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than the significance level, suggesting a statistically significant difference between the leaf angle 

distributions (LADs) of the compared pair of algorithms. Conversely, cells highlighted in light green 

represent p-values greater than 0.05, indicating no statistically significant difference between the LADs of 

the compared algorithms. 

In Table 10, statistically significant differences were observed between TLSLeAF and PCL regarding the 

LAD of the Pyrus communis ‘Olga’. Similarly, the Liu algorithm exhibited disagreement with Bailey, 

TLSLeAF, and Vicari while aligning with the remaining methods. Additionally, the LDP method 

concurred with all TLS algorithms except for Bailey and TLSLeAF. For the estimation of LAD in Quercus 

robur, all LAD approaches displayed agreement, with Liu differing from all methods except Vicari and 

Zheng. Rhododendron cf brachycarpum and Fagus sylvatica demonstrated similar outcomes, where all LAD 

estimation methods reached an agreement, except for two cases in which the Liu algorithm disagreed with 

both Bailey and TLSLeAF. 

Table 10: Pairwise comparison of P-values from the Mann-Whitney U-test for the trees at the Kumpula Botanic Garden. 

Cells highlighted in light red indicate p-values < 0.05, while those in light green represent p-values > 0.05. 

  

  

 

All LAD estimation methods for the Kew Gardens species were consistent with the estimation of the 

LAD of the Wollemia nobilis without significant differences, except for the Liu algorithm (Table 11). A 

complete agreement was observed for the LAD estimation of the Ginkgo biloba across all approaches, 

except where Liu and TLSLeAF diverged. Similar trends were observed for Ostrya japonica, mirroring the 

results of Ginkgo biloba, where all TLS algorithms displayed agreement except for one case (Liu and 

TLSLeAF). However, unlike with the Ginkgo biloba, the LDP method aligned with only PCL, Vicari, and 

Zheng for the Ostrya japonica. For the LAD estimation of Diospyros lotus, all TLS methods agreed. However, 

the LDP approach again only agreed with PCL, Vicari and Zheng, as shown in Table 11. 
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Table 11: Pairwise comparison of P-values from the Mann-Whitney U-test for the trees at the Royal Botanic Garden at 

Kew. Cells highlighted in light red indicate p-values < 0.05, while those in light green represent p-values > 0.05. 

  

  

4.3. Performance Evaluation of Algorithms with Synthetic Data 

Three 3D models with spherical, uniform and erectophile LAD types were used to validate the 

performance of the algorithms. Figures 14 (a) and (b) show a sample 3D model with spherical LAD and a 

version of the same model with leaves only, respectively. The models were generated with flat leaves with 

no curvature; thus, a closer agreement was expected between the LDP approach and the TLS methods. 

 
(a) 

 
(b) 

Figure 14: (a) A 3D model of a synthetic tree with spherical LAD. (b) A leaf-only 3D model of the same synthetic tree. 

4.3.1. Spherical Synthetic Data LAD 

The results indicate that the LAD estimation approaches showed a spherical LAD type consistent with the 

simulated synthetic tree model. Bailey, PCL, Vicari, and Zheng returned ALIA values within a ±1.5° range 
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of the synthetic model’s value. However, the Liu algorithm had higher ALIA and SD values, suggesting it 

overestimated the LIA, as shown in Figure 15, where most of the LAD estimation approaches relatively 

agree, except for the Liu algorithm. This outcome by the Liu algorithm is consistent with the algorithm’s 

less robust performance (see section 4.1) for most of the real trees. 

Table 12: Statistical results (The average leaf inclination angle (ALIA), standard deviation (SD), two parameters μ, ν, 

LAD type (Distribution) based on De Wit (1965), and the number of leaf normal replicates (NR)) from the LAD 

estimation approaches based on a simulated, spherical LAD, tree representation. 

Algorithm ALIA SD μ ν Distribution NR 

Synthetic model 56.86 21.65 1.11 1.91 spherical 7908 

Bailey 55.67 22.24 1.09 1.77 spherical 492085 

Liu 61.00 25.08 0.58 1.23 spherical 1213369 

PCL 56.85 21.75 1.1 1.88 spherical 1213547 

Vicari 56.57 21.91 1.09 1.85 spherical 1190793 

Zheng 56.52 21.89 1.1 1.85 spherical 1213548 

LDP 52.16 22.62 1.2 1.66 spherical 231 

 

 
Figure 15: Fitted beta distributions of LIAs for the simulated spherical LAD tree representation.  

The results of the non-parametric Mann-Whitney U-test to assess the level of agreement between the 

LAD estimation approaches and the synthetic spherical LAD tree representation are presented in Table 

13. The results show no statistically significant difference between the LAD estimation approaches and 

the synthetic model at the 5% significance level. Specifically, all algorithms had p-values greater than 0.05, 

with the Liu algorithm having a p-value of 0.050002, marginally above the threshold. 

The comparative analysis between the spherical LAD synthetic model and each LAD estimation method 

at 5-degree intervals is presented in Figure 16. The Bailey algorithm exhibited statistically significant 

differences highlighted by the shaded areas, specifically at 10º-25º and 60º-85º, while showing agreement 
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with the synthetic model at the other angles. The Liu algorithm, on the other hand, displayed significant 

differences with the model throughout, except at two 5-degree intervals. Notably, the PCL algorithm 

showed agreement with the synthetic model across all angles. The Zheng and Vicari algorithms 

demonstrated similar agreements with the synthetic model, with discrepancies observed only between 70º-

80º for Vicari and 70º-85º for Zheng. Lastly, the LDP method exhibited statistically significant differences 

with the model, only agreeing at one 5-degree section. 

 

  

  

  

Figure 16: Comparative analysis results for the synthetic spherical TLS dataset at 5-degree intervals, with shaded regions 
indicating a statistically significant difference between the synthetic model and the LAD estimation method. 
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Table 13: P-value results of LAD estimation approaches against the synthetic spherical, uniform and erectophile LAD tree 

representations. 

Algorithm Spherical LAD Uniform LAD Erectophile LAD 

Bailey 0.6434 0.3064 0.9697 

Liu 0.0500 1.73E-06 0.8450 

PCL 0.9383 0.6334 0.9921 

Vicari 0.8538 0.3993 0.9921 

Zheng 0.8077 0.3807 0.9921 

LDP 0.3993 0.1370 0.8981 

4.3.2. Uniform Synthetic Data LAD 

The LAD estimation approaches for the synthetic uniform tree representation show that, except for the 

Liu algorithm, all methods agreed on a uniform LAD type, as indicated in Table 14. In contrast to the 

synthetic spherical tree representation, there was a wider range of ALIA values when the LAD estimation 

methods were compared to the synthetic uniform model. The LDP approach had the lowest ALIA value, 

closest to the synthetic model’s value. On the other hand, the Liu algorithm exhibited the highest ALIA 

value and showed a significant difference in its PDF compared to the other methods, as shown in Figure 

17. 

 
Figure 17: Fitted beta distributions of LIAs for the simulated uniform LAD tree representation. 

The p-value results between the LAD estimation approaches, and the uniform LAD synthetic tree model 

between the LAD estimation approaches and the uniform LAD synthetic model at the 5% level of 

significance are shown in Table 13. Specifically, the Liu algorithm had a significantly low p-value (< 0.001), 

indicating a significant difference from the synthetic model compared to the other methods. In contrast, 

all other algorithms had p-values greater than 0.05, indicating no significant difference from the model.  
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In contrast to the comparative analysis conducted between the spherical LAD synthetic model and each 

LAD estimation method at 5-degree intervals, the analysis performed with the uniform synthetic model 

revealed a more significant number of disagreements, as depicted in Figure 18’s shaded regions. In this 

analysis, all the algorithms displayed agreement with the synthetic model only at points where their 

respective line graphs intersected, except for the Liu algorithm, which did not exhibit agreement with the 

synthetic model, even at the intersection point. 

 

  

  

  

Figure 18: Comparative analysis results for the synthetic uniform TLS dataset at 5-degree intervals, with shaded regions 
indicating a statistically significant difference between the synthetic model and the LAD estimation method. 
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Table 14: Statistical results (The average leaf inclination angle (ALIA), standard deviation (SD), two parameters μ, ν, 

LAD type (Distribution) based on De Wit (1965), and the number of leaf normal replicates (NR)) from the LAD 

estimation approaches based on a simulated, uniform LAD, tree representation. 

Algorithm ALIA SD μ ν Distribution NR 

Synthetic model 39.72 25.03 1.22 0.97 uniform 14296 

Bailey 44.45 25.03 1.13 1.1 uniform 411778 

Liu 57.29 28.11 0.5 0.87 extremophile 959829 

PCL 47.78 23.62 1.23 1.39 uniform 959947 

Vicari 42.75 25.17 1.15 1.04 uniform 882231 

Zheng 43.65 24.93 1.16 1.09 uniform 959949 

LDP 39.56 22.69 1.61 1.26 uniform 229 

 

4.3.3. Erectophile Synthetic Data LAD 

The statistical results obtained from the LAD estimation approaches based on a simulated erectophile 

LAD tree representation are presented in Table 15. The synthetic model, representing an erectophile 

LAD, had an ALIA value of 66.38° and a standard deviation of 16.64°. All the TLS approaches were in 

relatively close agreement with the synthetic model’s values, with the standard deviations also within a 

reasonable range of the synthetic model’s values. Notably, the LDP algorithm yielded a slightly lower 

ALIA value of 64.8° compared to the other algorithms and the synthetic model. The LAD type was 

classified as erectophile for all methods. The PDFs of the various LAD estimation approaches, alongside 

the erectophile synthetic model, are presented in Figure 20. The methods depict an overall agreement with 

the synthetic model’s PDF.  

Table 15: Statistical results (The average leaf inclination angle (ALIA), standard deviation (SD), two parameters μ, ν, 

LAD type (Distribution) based on De Wit (1965), and the number of leaf normal replicates (NR)) from the LAD 

estimation approaches based on a simulated, erectophile LAD, tree representation. 

Algorithm ALIA SD Μ ν Distribution NR 

Synthetic model 66.38 16.64 1.22 3.44 erectophile 1351 

Bailey 67.25 16.66 1.14 3.37 erectophile 177666 

Liu 66.1 18.7 0.93 2.58 erectophile 306037 

PCL 67.25 16.36 1.19 3.52 erectophile 306091 

Vicari 67.33 16.21 1.21 3.6 erectophile 304876 

Zheng 67.32 16.23 1.21 3.59 erectophile 306091 

LDP 64.8 17.96 1.14 2.92 erectophile 205 

 

Table 13 also displays the p-values obtained from the non-parametric Mann-Whitney U-test. The results 

show that all the algorithms, including the LDP approach, have p-values greater than 0.05. These results 

thus indicate no statistically significant difference between the estimates provided by these algorithms and 

the synthetic erectophile LAD tree representation at the chosen significance level. Additionally, the p-

values obtained in this case suggest that the estimates obtained by these algorithms are in good agreement 

with the characteristics of the synthetic erectophile LAD model. 

The comparative analysis between the erectophile LAD synthetic model and each LAD estimation 

method at 5-degree intervals is illustrated in Figure 19. The findings indicate that Bailey, PCL, Vicari, and 

Zheng consistently aligned with the synthetic model, except for the 80º-85º shaded interval, where 

significant differences were observed. On the other hand, the LDP and Liu methods demonstrated some 
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level of agreement with the synthetic model but within different angle intervals. The LDP method 

displayed agreement predominantly within the 45º-65º interval, while the Liu method showed agreement 

within the 35º-50º interval. 

 

  

  

  

Figure 19: Comparative analysis results for the synthetic erectophile TLS dataset at 5-degree intervals, with shaded regions 
indicating a statistically significant difference between the synthetic model and the LAD estimation method. 
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Figure 20: Fitted beta distributions of LIAs for the simulated erectophile LAD tree representation. 
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5. DISCUSSION 

5.1. LAD Estimation from Real Trees 

The autumn season conditions at Kumpula Gardens (Helsinki, Finland) may have influenced the leaf 

orientation, as evidenced by the yellowing and drooping of leaves (Figures 6, 7, 8, 9 (a)), indicating the 

onset of senescence. The algorithms used in this study consistently predicted prevalent spherical and 

erectophile LAD types as expected (Tables 2, 3, 4, 5). Among the species studied from the Kumpula 

Garden, Fagus sylvatica demonstrated the best agreement between the TLS algorithms regarding the LAD 

type. The least agreement was for the Pyrus comμnis ‘Olga’. The standard deviation was noted to be 

comparable in most cases. Although the LAD estimations by the Liu algorithm were generally consistent 

with other approaches, the algorithm showed a consistently biased pattern in its PDFs, as shown in 

Figures 6, 7, 8, 9 (b), with a bias towards leaf inclination angles close to 90º. Moreover, as noted by 

Darwin (1881), Ehleringer and Forseth (1980), and Muraoka et al. (1998), plants can adjust their leaf 

angles in response to environmental changes and for resource acquisition, mainly light. Figure 21 

illustrates a Rhododendron cf branchycarpum shrub tree showing an upright or vertical leaf orientation, which is 

characteristic of the plant's growth during more favourable summer conditions. In contrast, the drooping 

leaves observed in the scanned Rhododendron cf branchycarpum shrub tree in this study (Figure 8(a)) indicate a 

shift towards a water conservation state, reflecting the colder autumn conditions experienced in Helsinki. 

Therefore, the spherical and erectophile LAD types for the tree shown by the TLS algorithms suggest a 

drooping state LAD type rather than the vertical state LAD type. 

 
Figure 21: An image of a Rhododendron cf branchycarpum shrub tree showing an upright or vertical leaf orientation, 
characteristic of the plant's growth during more favourable summer conditions. Credit: Prof. Dr. A.K. Skidmore. 

The LDP approach was generally consistent with the TLS approaches. However, the method remarkably 

indicated a different LAD type (plagiophile) for the European beech tree (Fagus sylvatica). The LDP 

approach has limitations, particularly its reliance on structures like poles, windows of tall buildings, 

ladders, and towers to capture canopy photographs (Chianucci et al., 2018; Raabe et al., 2015). In this case, 

the ladder available during data collection was shorter than the tree; hence the whole tree was not covered. 

LAD can vary at different height levels within the canopy (Niinemets, 2010). The upper canopy levels 
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often exhibit steeper leaf angles, while the middle and bottom layers tend to have more horizontal and 

lateral growth directions (Niinemets, 2010). Thus, the LDP method may have undersampled the steeper 

angles (erectophile), leading to a lower proportion of these angles being represented by the approach. In 

contrast, TLS captures the entire height profile of a canopy (Moskal and Zheng, 2012), ensuring that the 

steeper leaves at the top are not missed. Therefore, TLS provides a more comprehensive representation of 

the canopy structure compared to the LDP approach, which relies on limited perspectives from the 

available platforms. To overcome this limitation, alternative methods, such as deploying unmanned aerial 

vehicles (UAVs), as demonstrated by McNeil et al. (2016), can provide a more complete assessment of the 

canopy structure and leaf angles and, if used as a platform for LDP can capture the entire canopy. 

The analysis of trees from Kew Garden revealed a wider variety of LAD types compared to the Kumpula 

Gardens dataset. In addition to spherical and erectophile LAD types, uniform and plagiophile LAD types 

were observed (Tables 6 and 9). The TLS algorithms generally agreed on the LAD type estimations, 

except for cases where the Liu algorithm displayed a preference towards leaf inclination angles close to 

90º. This biased pattern was evident in the LAD type estimation for the Wollemia nobilis, where the 

algorithm indicated a bias towards both the 0º and 90º edges, as shown in Figure 9(b). Notably, when the 

TLS algorithms classification returned either a spherical or plagiophile LAD type, the Liu algorithm 

exhibited a pattern consistent with the rest of the algorithms. This agreement suggests that the Liu 

algorithm performed well in cases where the LAD type was spherical or plagiophile but struggled to 

estimate other LAD types accurately. The TLSLeAF algorithm also returned a spherical LAD type 

consistently, indicating the LAD type in every instance for the two study areas. This preference suggests a 

possible limitation and suitability of the TLSLeAF algorithm in capturing the full range of different LAD 

types. Additionally, the scanned images of Ginkgo biloba and Ostrya japonica (Figure 11(a) and 12(a), 

respectively) exhibited signs of drooping leaves. Therefore, the spherical and erectophile LAD types 

suggested by the algorithms for these species indicate a state of water conservation rather than simply 

reflecting leaf orientation under favourable conditions, as also seen with the Rhododendron cf branchycarpum. 

This interpretation is influenced by the timing of the data collection exercise (autumn) and the specific 

characteristics of the scanned trees. 

Similar to the Kumpula dataset, the LDP approach demonstrated consistent results with TLS algorithms 

for the Kew Gardens. However, the approach showed significantly different ALIA and standard deviation 

values compared to the TLS algorithms in the case of the Diospyros lotus. This discrepancy could be 

attributed to the curvature exhibited by the leaves of this species, as the LDP approach is tailored for 

species with flat leaves (Pisek et al., 2011; Chianucci et al., 2018). On the other hand, TLS approaches are 

not limited by leaf curvature. Depending on the footprint of the TLS on the target, TLS can retrieve LAD 

information from more complex leaf surfaces (Vicari et al., 2019). Therefore, TLS provides a more 

thorough method for analysing leaf angles, particularly in cases where leaf curvature is present.  

The TLS algorithms demonstrated a high number of replicates for estimating leaf normals, benefiting 

from the high sampling resolutions provided by TLS scans to capture detailed information about leaf 

surfaces. For instance, the Bailey algorithm utilises the point clouds to create a mesh of triangles along leaf 

surfaces that facilitates the calculation of normal vectors at the position of each triangle (Bailey and 

Mahaffee, 2017). TLSLeAF leverages gridded point clouds at the pixel level to estimate multiple angles for 

each leaf, thus accommodating the diverse structure and curvature of leaves (Stovall et al., 2021). The 

Vicari algorithm obtains LAD information by fitting all applicable planes to leaf point clouds (Vicari et al., 

2019). On the other hand, the LDP approach performs optimally with flat leaves, as evidenced by its 

agreement with the TLS methods in the case of Wollemia nobilis (Figure 10(a)), where the leaves had 

minimal curvature. However, the scanned Diospyros lotus tree (Figure 13(a)) exhibited leaves with varying 
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degrees of curvature, which likely contributed to the significant differences observed in the ALIA and 

PDFs between the LDP method and the TLS algorithms (Figure 13(b) and Table 9). 

5.2. Statistical Analysis 

In this study, the inter-comparison of algorithm pairs for both the Kumpula and Kew datasets provided 

insight into their level of agreement and discrepancies (Tables 10 and 11). The Mann-Whitney U-test was 

employed to assess the significance of these differences, shedding light on the robustness and reliability of 

the algorithms. 

For the Kumpula dataset, the analysis revealed a generally high level of agreement among the algorithms, 

as indicated in Table 10. Specifically, a more significant agreement was observed for the Rhodendron cf 

brachycarpum and Fagus sylvatica species. However, there were instances of disagreement among the 

algorithms, particularly in the case of the Pyrus communis ‘Olga’. Notably, the Liu algorithm demonstrated 

the highest level of agreement with the Zheng algorithm, with no significant difference across the four 

species tested. On the contrary, the TLSLeAF and Bailey algorithms did not align with the Liu algorithm’s 

PDFs for any of the four species. The LDP approach exhibited consistency with the TLS algorithms, 

except for disagreements with the Bailey and TLSLeAF algorithms regarding the Pyrus communis ‘Olga’. 

There were no significant differences between the TLS algorithms for all species of the Kew dataset, 

except for the Wollemia nobilis, where the Liu algorithm showed a significant difference compared to all the 

other algorithms, as shown in Table 11. There was a remarkable 100% agreement among all algorithms for 

the Diospyros lotus species, highlighting the proficiency of the Liu algorithm in cases where the LAD type 

was either spherical or plagiophile. The LDP approach demonstrated a significant agreement with the TLS 

algorithms for the Wollemia nobilis and Ginkgo biloba tree species, except for the Wollemia nobilis with the Liu 

algorithm. However, the LDP approach showed more disagreements and marginal agreements with the 

TLS algorithms in the Ostrya japonica and Diospyros lotus cases. This discrepancy could be attributed to the 

curvature present in the leaves of these species, which better suit the TLS approaches but pose limitations 

on the effectiveness of the LDP method (Vicari et al., 2019). 

The high level of agreement observed among the algorithms for most species in both datasets is 

encouraging, indicating their consistency and reliability. However, disagreements and discrepancies in 

some instances highlight the need for further investigation and improvement.  

5.3. LAD Estimation from Simulated Tree Representations 

The assessment and comparison of various LAD estimation approaches using simulated tree 

representations of different LAD types (spherical, uniform, and erectophile) provided a further evaluation 

of the performance and agreement of the approaches with the corresponding synthetic models. Most of 

the techniques demonstrated comparable estimates of the ALIA, SD (Table 12), and PDFs (Figure 15) 

within an acceptable range of the synthetic model’s output for the simulated spherical LAD tree 

representation. This finding suggests that these approaches effectively captured the spherical LAD 

characteristics. The statistical analysis further supported this conclusion, with the tests indicating no 

statistically significant difference between the algorithms and the synthetic model (p-value > 0.05) (Table 

13). However, the Liu algorithm showed the least (but still significant) agreement, also indicated by its 

higher ALIA value. 

In contrast, the synthetic uniform LAD tree representation presented a wider range of ALIA values by the 

LAD estimation methods compared to the spherical model (Table 14). Notably, the Liu algorithm 

exhibited a significantly different ALIA value and LAD type compared to the others, indicating a 
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departure from the expected uniform LAD pattern. The statistical analysis confirmed this significant 

difference by the Liu algorithm (Table 13). On the other hand, the other algorithms displayed no 

significant difference from the synthetic uniform model, demonstrating reasonable agreement in 

estimating this LAD type. 

The p-value results (Table 13) of the synthetic erectophile LAD tree representation revealed that all the 

evaluated LAD estimation approaches exhibited no statistically significant difference from the synthetic 

model. This agreement suggests that the algorithms provided estimates that aligned well with the 

characteristics of the erectophile LAD model, with the model characterised by steeper leaf angles; hence 

higher ALIA values were expected. 

The comparative analyses at 5-degree intervals conducted between the synthetic LAD models and each 

LAD estimation method facilitated further evaluation of the performance and accuracy of these methods 

across different angle intervals. In the analysis with the spherical LAD synthetic model, algorithms 

exhibited statistically significant differences in specific angle ranges, indicating deviations from the model 

(Figure 16). The Liu approach consistently displayed significant differences throughout, suggesting 

potential limitations in accurately estimating the LAD. The LDP method also showed significant 

differences at various intervals, likely due to its estimation of LAD from a subset of leaves rather than 

considering the entire canopy, which is a distinguishing factor from the TLS methods. The analysis with 

the uniform synthetic model revealed significant differences between the LAD estimation methods and 

the model (Figure 18), suggesting a more limited capability of the methods in accurately estimating more 

horizontally-aligned LADs. In the analysis with the erectophile LAD synthetic model, all algorithms 

consistently aligned with the model, with some significant differences observed in specific angle intervals. 

However, the algorithms showed agreement with the model over most of the LAD range. The significant 

difference between the erectophile model and most of the algorithms only at the 80º-85º interval could 

probably be due to the occlusion of part of the model from the view of the scanner. 

The findings from the different simulated tree representations indicate the varying performance of the 

LAD estimation approaches. Most algorithms showed no significant differences with the synthetic models 

for spherical and erectophile LAD types. However, challenges were encountered when dealing with the 

uniform LAD type, particularly with the Liu algorithm. According to Bailey and Mahaffee (2017), their 

triangulation method performs best when LADs have more leaf area projected towards the scanner. This 

observation could explain why the spherical and erectophile LADs showed better agreement than the 

uniform model, as they have more leaf area facing the scanner's direction. The comparative analysis at 5-

degree intervals further supports these findings by highlighting the varying performance of the algorithms 

in estimating LAD.  

5.4. LAD Estimation Methods Strengths and Weaknesses 

The LAD estimation approaches used in this study demonstrated both strengths and weaknesses. These 

strengths and weaknesses were assessed based on various aspects, including setup, input data formats, 

LAD estimation procedures, and overall performance in the conducted tests. This section aims to provide 

an overview of the strengths and limitations associated with each LAD estimation approach. 

The Bailey algorithm involves a relatively complex setup procedure; however, its detailed documentation 

and available tutorials greatly facilitated the process. The method does not account for differentiating 

between wood and leaves (Bailey and Mahaffee, 2017). It compensates for the bias introduced by the 

scanner position in estimating leaf angles (Bailey and Mahaffee, 2017). This compensation is achieved 

through separate scans for each scan position, saved in an ASCII file format, and an accompanying XML 
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file specifying scan parameters (such as scanner position, resolution, intensity, etc.) (Figure 5). The 

algorithm's performance with the Kumpula Garden data raised concerns regarding its ability to 

differentiate between spherical and erectophile LADs, as it consistently indicated spherical LADs for all 

four trees. However, these concerns were alleviated by the results obtained from the Kew Garden and 

simulated datasets, where the algorithm successfully predicted LAD types other than spherical. Bailey and 

Mahaffee (2017) mention that the algorithm was found to be minimally impacted by variations in scan 

resolution. It is possible that the small observed discrepancies could be influenced by the relatively low-

density areas of the single low-resolution scans used with the algorithm. Overall, the algorithm 

demonstrated consistency in agreement with other TLS approaches. The comparative analysis conducted 

at 5-degree intervals using high-resolution synthetic point clouds highlighted the method’s superior 

performance with erectophile LAD types and its relatively lower performance with the uniform LAD type. 

This discrepancy in performance can be attributed to the amount of leaf area projected towards the 

scanner. However, the algorithm is expected to address this issue by applying weighting to triangles, 

mitigating bias towards normal vectors that face the TLS scanner (Bailey and Mahaffee, 2017). 

The Liu algorithm stands out for its relatively simple setup process, requiring the establishment of a 

Python 3 environment and specifying the leaf constraint and input point cloud location. The input point 

cloud for each tree follows the widely used ASCII format (Pepe et al., 2016). In contrast to the Bailey 

approach, the Liu algorithm requires an extra step since it generates LAD information by using point 

clouds generated from merging co-registered individual scans to increase point density (Liu et al., 2019). 

While the method recognises the importance of differentiating leaves from woody material, it does not 

possess this feature by default. The original study employed a Support Vector Machine (SVM) 

classification technique to separate leaves from wood. The algorithm's consistency with the ALIA values 

of other TLS algorithms is notable. However, it exhibited poor performance when fitting the beta 

distribution, with distinct differences in patterns compared to the other algorithms. This discrepancy may 

indicate an underlying flaw in the algorithm's execution, as reflected by its estimated ALIA or SD values, 

which tended to be higher than those of other algorithms in most cases. Regarding LAD prediction with 

synthetic models, the Liu algorithm still managed to identify the synthetic spherical LAD type, although 

some erroneous patterns were evident. Conversely, it encountered challenges in predicting the uniform 

LAD model. The Liu algorithm generally performed well in identifying the synthetic erectophile model, as 

the comparative analysis conducted at 5-degree intervals revealed. 

The PCL algorithm requires a complex setup process, even when using its prebuilt binaries designed for 

different operating systems. In this study, a Linux environment was chosen to execute the algorithm. The 

algorithm relies on merged ASCII point clouds, which serve as the precursor to the Point Cloud Data 

(PCD) format, the designated input data format for PCL. The PCL algorithm exhibited exceptional 

performance, consistently aligning with the outcomes of other TLS algorithms. Its impressive 

performance in the comparative analysis conducted at 5-degree intervals was particularly noteworthy, 

specifically when estimating the synthetic spherical model LAD. The algorithm demonstrated strong 

agreement with the leaf orientation of the model, with no significant disagreements observed at any 

interval. Moreover, its predictions of the synthetic model's LAD type displayed excellent performance, 

with only one interval showing a significant difference. Overall, the PCL algorithm showcased robust and 

reliable performance, consistently producing results that aligned closely with other TLS algorithms. 

 

TLSLeAF is an accessible and user-friendly open-source algorithm that can be easily set up by cloning its 

R source code from the associated GitHub account and ensuring the installation of the required 

dependency, a point cloud processing software (Cloud Compare). However, the algorithm's gridded input 

data format differs from the widely used ASCII file formats. Converting existing ASCII files into the PTX 
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or similar gridded data formats can be challenging. The PTX format, on the other hand, offers valuable 

individual scan information such as point cloud size, transformation parameters, scanner position, 

intensity, and more. Similar to the Bailey algorithm, the PTX format allows for the consideration of 

scanner position bias in estimating LAD without requiring a separate file for scan metadata. TLSLeAF 

distinguishes itself from other algorithms by offering an inherent feature for separating leaves from wood 

(Stovall et al., 2021). This additional capability gives TLSLeAF a theoretical advantage, eliminating the 

need for external methods or techniques to differentiate between these components. It shall be noted that 

this study did not evaluate the performance of this leaf-wood separation feature. In terms of performance, 

TLSLeAF generally displayed consistency with other TLS algorithms. However, a notable limitation arose 

in its ability to accurately predict LAD types other than spherical, where it performed poorly. This raises 

questions about the algorithm's effectiveness in estimating non-spherical LAD types. Despite this 

limitation, TLSLeAF remains an accessible and convenient algorithm for LAD estimation, with a 

straightforward setup process. However, further exploration and improvement is recommended and may 

be needed to enhance its capability to predict a wider range of LAD types. 

The setup process for the Python 2-based Vicari algorithms can be relatively complex in regard to linking 

modules and obtaining the necessary dependencies. However, like the Liu and PCL algorithms, Vicari 

utilises merged ASCII format point clouds as input data. The results obtained from the Vicari algorithm 

demonstrated consistency with other TLS approaches, closely aligning with the performance of both the 

PCL and Zheng algorithms in most cases. Using simulated datasets further highlighted the algorithm’s 

strong performance, with only the PCL algorithm expressing a better agreement with the synthetic 

spherical LAD model in the comparative analysis at 5-degree intervals (Figure 16). Additionally, the Vicari 

algorithm showcased impressive performance in the comparative analysis of the synthetic erectophile 

model, ranking among the four algorithms that exhibited the highest agreement with the model. Despite 

its somewhat complicated setup process, the Vicari algorithm proved reliable and effective for LAD 

estimation. 

The setup process for the Zheng algorithm is challenging. It requires older versions of dependencies such 

as Visual Studio 2015 update 3, boost 1.60.0, Eigen3, and CGAL 4.11.1, which may pose challenges when 

integrating them into the latest computing environments. Similar to the Liu, PCL, and Vicari algorithms, 

the Zheng algorithm uses co-registered and merged point clouds in the widely used ASCII format for 

LAD estimation. It does not include a feature for leaf-wood separation. Despite the intricate setup 

process, the Zheng algorithm demonstrates consistency with other TLS algorithms. Notably, it exhibits 

similar patterns to both the PCL and Vicari algorithms. In the comparative analysis conducted at 5-degree 

intervals, the algorithm's strong performance becomes evident, displaying a high level of agreement with 

both the spherical and erectophile LAD types. However, like other algorithms, it encountered challenges 

when estimating the simulated, synthetic uniform LAD type. 

The LDP method is limited due to its manual, non-automated selection of appropriate leaves for LAD 

estimation, as  Vicari et al. (2019) noted. However, this method offers the advantage of strictly utilising 

photosynthetic material exclusively for LAD estimation through manual leaf-by-leaf assessment. Another 

drawback of the LDP method is its limited accuracy in estimating LAD for curved leaves, unlike the TLS 

algorithms. This limitation became particularly evident in the LAD estimation of curved Diospyros lotus 

leaves (Figure 13). Despite these limitations, the LDP approach exhibited general consistency and 

compatibility with the TLS algorithms, mainly when the leaves exhibited minimal curvature. Although the 

TLS algorithms demonstrated superior LAD estimations when a more significant proportion of leaf area 

was projected towards the scanner, closer to the synthetic spherical and erectophile models, the LDP 

approach demonstrated proficiency in estimating the synthetic uniform model. It obtained an ALIA value 
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closest to the model, showcasing its competence in cases where leaf distribution is more horizontal and 

exhibits less curvature. This observation was further supported by the agreement between the LDP 

approach and the TLS algorithms in the case of the Wollemia nobilis (Figure 10). 

As scan density increases, the errors in estimating the LAD decrease (Bailey and Mahaffee, 2017). Some 

single scans may exhibit a lower density of points, impacting the quality of LAD estimation. Most 

methods in this study overcome this limitation by using merged scans to increase the overall point density. 

TLSLeAF addresses density measurement bias by calculating statistics of angle measurements within 

voxels and reconstructing the distribution of measurements using an equal number of simulated angles 

(Stovall et al., 2021). Despite such measures, algorithms that utilise merged point clouds performed better 

than their single-scan counterparts in this study. This finding suggests the benefits of merging multiple 

scans to increase point density and enhance LAD estimation accuracy could outweigh the concern for the 

bias introduced by the scanner position in estimating leaf angles. This performance disparity emphasises 

the need for further investigation into the choice of using either single or combined scans for LAD 

estimation. 

The TLS algorithms demonstrated varying processing speeds depending on the time required to estimate 

the LAD. While the speeds differed among the algorithms, they exhibited consistent processing speeds 

across all point clouds that were analysed. As an example, the processing times for the Rhododendron cf 

brachycarpum point cloud, made of 3,753,702 data points from four scan positions, were achieved (Table 

12). The reported processing speeds in Table 12 correspond to the calculations done on the Lenovo 

Thinkpad P15s Gen 1 laptop with a Core i7 CPU (full specifications in Section 3.3). TLSLeAF exhibited 

the fastest processing speeds for LAD estimation, processing each individual point cloud separately before 

the overall LAD was obtained. This performance confirms its rapid processing robustness, as Stovall et al. 

(2021) outlined. The Bailey, Vicari, and PCL methods followed, respectively, where each algorithm 

efficiently estimated the LAD while maintaining reasonable processing times. The Liu algorithm required 

close to 44 minutes to fully process the data, indicating a relatively longer processing duration. The Zheng 

algorithm exhibited the longest processing duration. However, it compensates for this longer duration 

with its relatively good performance in LAD estimation observed in this study.  

Table 12: Ranking of TLS algorithms based on their processing durations for the Rhododendron cf brachycarpum point 
cloud. 
Algorithm Processing speed  

TLSLeAF 1 minute 56 seconds 

Bailey 3 minutes 35 seconds (normals estimation) 

Vicari 4 minutes 32 seconds 

PCL 4 minutes 43 seconds (normals estimation) 

Liu 43 minutes 42 seconds 

Zheng 1 hour 38 minutes (normals estimation) 

5.5. Study Challenges 

The study illustrated how well the various LAD estimation approaches performed against each other. 

However, some challenges may have influenced the inter-comparison outcomes. These challenges include: 

5.5.1. Leaf-wood Separation 

A common tool was employed, with most methods lacking a built-in leaf-wood separation feature. As a 

result, the Liu, PCL, Vicari, and Zheng algorithms were tested using the same leaf-only point clouds. 

Similarly, the Bailey algorithm was tested with leaf-only point clouds but as individual scans. However, due 
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to the TLSLeAF algorithm possessing its leaf-wood separation capability, its input consisted of the full, 

unseparated versions of the trees’ point clouds. This discrepancy in leaf-wood separation between 

TLSLeAF and the other algorithms introduces a potential source of inconsistency in the inter-comparison 

of LAD estimation methods, which may have compromised the accuracy of the evaluation. Leaf-wood 

separation methods themselves may have encountered challenges in accurately classifying leaves from 

wood. However, the utilisation of synthetic scans helped mitigate such discrepancies, as the meshes used 

to create the models were well-defined and known. 

5.5.2. Input Data File Formats 

TLS algorithms commonly (five out of 6 in this study) use the ASCII file format. However, TLSLeAF 

employs the PTX file format or other gridded file formats. While the PTX format offers a higher level of 

scan information compared to a plain ASCII point cloud, it is not as widely adopted. The study 

encountered difficulties in generating PTX data successfully, which restricted the inclusion of TLSLeAF in 

the analysis (Section 4.3). The choice of file format in TLS algorithms depends on various factors such as 

data requirements, compatibility with software tools, and specific project needs. While the ASCII format is 

commonly used, alternative formats like PTX may be preferred in some instances that demand more 

detailed scan information or specialised processing. 

5.5.3. Scanner Resolution 

Bailey and Mahaffee (2017) reported that their algorithm demonstrated minimal sensitivity to variations in 

scan resolution. Additionally, Stovall et al. (2021) emphasized that lower scan resolutions could enhance 

the variation in LAD while closely approximating the true LAD on average. In this study, the real scans 

obtained from the botanical gardens generally had relatively lower resolutions, whereas the simulated scans 

had high resolutions. Since the same scans were used across all the algorithms, it is not expected that the 

scan resolution would have influenced the inter-comparison of the algorithms here. 

5.5.4. Occlusion 

One inherent limitation of LiDAR and other optical approaches is occlusion, which occurs when leaves 

are entirely obstructed from the view of the laser, resulting in their exclusion from the measurements. 

Occlusion can be a source of measurement error (Stovall et al., 2021). Consequently, the estimated LADs 

may exhibit a bias towards leaves that are not occluded from the scanner's view (Bailey and Mahaffee, 

2017). Multiple scanner positions can be employed to mitigate this issue to some extent, as demonstrated 

in this study's scanning of synthetic models, where eight scanner positions were set for each model. 

Despite these precautions, occlusion-related challenges may persist, as evidenced in this study. While most 

algorithms exhibited agreement with the synthetic erectophile model's characteristics across various angles, 

none of them could satisfactorily match the model's features within the 80º-85º interval (Figure 19). This 

observation suggests the presence of unmeasured sections within the 3D model, further emphasizing the 

impact of possible occlusion on LAD estimation accuracy. 
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6. CONCLUSION AND RECOMMENDATIONS 

6.1. Conclusion 

This study tested, compared, and evaluated the performance of six TLS LAD estimation methods using 

LiDAR data from real trees and synthetic 3D model trees. Furthermore, there was a comparison between 

the performance of these TLS-based algorithms with the established LDP approach. Based on the study’s 

research questions, the following conclusion was drawn: 

• Agreement among independent methods in retrieving LAD information from LiDAR data: 

Analysis of real trees from the Kumpula and Kew Gardens’ datasets revealed a high level of 

agreement among the TLS algorithms, indicating their general consistency and reliability. 

Nonetheless, the Liu and the TLSLeAF algorithms displayed preferences towards specific LAD 

types, suggesting possible limitations in capturing the full range of different LAD types. These 

findings emphasize the importance of considering algorithm suitability and limitations in practical 

applications. 

• Each LAD estimation approach demonstrated both strengths as well as limitations. The Bailey 

algorithm, despite its complex setup process, compensated for scanner position bias and exhibited 

good consistency with other TLS approaches. With its relatively simple setup process, the Liu 

algorithm showed discrepancies in its estimated ALIA values and patterns. Although the PCL 

algorithm required a complex setup process, it demonstrated exceptional performance and strong 

agreement with other TLS algorithms. The LDP approach consistently produced results 

comparable to the TLS algorithms but had limitations in securing access to upper parts of 

canopies and in accurately estimating LAD where there was complex leaf curvature. The TLS-

based methods provided a more comprehensive representation of the canopy structure, capturing 

the entire height profile and overcoming the limitations of the LDP approach. 

6.2. Recommendations for Future Research 

 

Based on the findings of this study, the following recommendations can be made: 

 

• Further research is necessary to explore the impact of using single or combined scans on LAD 

estimation. 

• More attention should be directed towards developing efficient and practical techniques for initial 

leaf-wood separation of TLS data to improve LAD estimation accuracy. 

• This study may serve as a template for establishing benchmark datasets, evaluation protocols, and 
accessibility of algorithms that could facilitate systematic comparisons of LAD estimation 
algorithms, similar to the Radiation transfer Model Intercomparison (RAMI) exercise (Widlowski 
et al., 2015). This collaborative effort could promote fairness, reproducibility, and the 
advancement of LAD estimation techniques by enabling researchers to identify strengths, 
weaknesses, and areas for improvement in their algorithms.  
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