
 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ASSESSING THE EFFECT OF 

UAV OBLIQUE IMAGING ON 

TREE PARAMETER ACCURACY 

– A STUDY IN HAAGSE BOS, 

THE NETHERLANDS.  

SRILAKSHMI GNANASEKARAN 

JUNE, 2021 

SUPERVISORS: 

ir. L.M van Leeuwen – de Leeuw 

drs. ing. M. Huesca Martinez 





 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Thesis submitted to the Faculty of Geo-Information Science and Earth 

Observation of the University of Twente in partial fulfilment of the 

requirements for the degree of Master of Science in Geo-information Science 

and Earth Observation. 

Specialization: Natural Resources Management 

 

 

 

SUPERVISORS: 

ir. L.M van Leeuwen – de Leeuw 

drs. ing. M. Huesca Martinez 

 

 

THESIS ASSESSMENT BOARD: 

dr. R Darvish (Chair) 

dr. Tuomo Kauranne (External Examiner, Lappeenranta University of 

Technology, Finland) 

 

 

  

ASSESSING THE EFFECT OF 

UAV OBLIQUE IMAGING ON 

TREE PARAMETER ACCURACY 

– A STUDY IN HAAGSE BOS, 

THE NETHERLANDS.  

 

SRILAKSHMI GNANASEKARAN 

Enschede, The Netherlands, June, 2021 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

DISCLAIMER 

This document describes work undertaken as part of a programme of study at the Faculty of Geo-Information Science and 

Earth Observation of the University of Twente. All views and opinions expressed therein remain the sole responsibility of the 

author, and do not necessarily represent those of the Faculty. 

 



i 

ABSTRACT 

As forest can sequester carbon, it plays a crucial role in regulating carbon dioxide in the atmosphere, thus 

mitigating the effects of climate change. The sequestered carbon is found in different pools in forests, and 

aboveground biomass (AGB) is one of the main pools. In order to monitor and report the forest carbon 

stock, it is essential to estimate the AGB. AGB can be estimated using allometric equations that use the 

structural information of trees like the diameter at breast height (DBH) and tree heights as input parameters. 

This tree structural information can be extracted from remote sensing data. The latest development in 

remote sensing is the advent of Unmanned Aerial Vehicle (UAV). UAVs are flexible, time and cost-efficient 

means of data collection. Using photogrammetric techniques like Structure from Motion (SfM), it is possible 

to generate a 3D point cloud from over-lapping 2D images acquired by UAV, thereby enabling tree 

parameter retrieval. However, the digital camera onboard the UAV lacks penetration capability, which 

subsequently affects the accuracy of the retrieved tree parameter. Several studies have incorporated oblique 

images in the SfM model and reported improvement in the density and accuracy of the generated 3D point 

cloud. However, how incorporating oblique images to build a dense 3D point cloud and surface models for 

the forests is affected by different canopy structures has not been well documented in the literature. 

 

This study was done in the Haagse Bos in The Netherlands. It was aimed to assess and compare the accuracy 

of DTM, tree height, and DBH retrieved from UAV nadir and UAV oblique datasets under dense and 

medium dense canopy. This study also assesses the effect of tree height estimation error on the AGB 

estimates. UAV images used in this study were acquired at nadir and 75 degrees east-facing oblique view 

angle using DJI Phantom 4.  The UAV nadir dataset comprises the DTM, DSM, and orthophoto generated 

from the nadir images acquired in the double grid. The UAV oblique dataset comprises the DTM, DSM, 

and orthophoto generated from the combination of nadir images acquired in the double grid and oblique 

images acquired in a single grid. The accuracies of UAV DTMs and tree heights extracted from UAV CHMs 

were assessed by comparing to LiDAR DTM and tree heights extracted from LiDAR CHM. The DBH 

modeled using UAV-derived tree parameters were compared with field-measured DBH.  

 

The study's statistical analysis revealed no significant difference between the means of elevation from UAV 

nadir and UAV oblique DTM in both dense and medium dense canopy. Similarly, there was no significant 

difference between the means of tree height extracted from UAV nadir and UAV oblique CHMs in both 

the dense and medium dense canopy blocks. In addition to that, the DBH models using tree parameters 

retrieved from the UAV nadir dataset and UAV oblique dataset did not differ significantly in both the dense 

and medium dense blocks. The sensitivity analysis of tree height uncertainties on the accuracy AGB 

estimation revealed that in the dense block, the errors in tree height affected the AGB accuracy. Whereas in 

the medium dense block, the tree height errors did not significantly affect the AGB estimates.  

 

 

Keywords: UAV oblique, SfM, DTM, Tree height, DBH, AGB, canopy density 
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1. INTRODUCTION 

1.1. Background 

Forest covers 31% of the land area on earth, and it is distributed globally (FAO & UNEP, 2020). It stabilizes 

climate change and mitigates its effect by regulating atmospheric carbon dioxide (CO2). Forest sequesters 

approximately 2.6 billion tonnes of CO2 every year, which is 7% of the global carbon emitted (IUCN, 2017). 

When managed sustainably, it has the potential to sequester 10% of the global carbon emitted (FAO, 2012). 

The sequestered carbon is found in the forest in different pools, such as vegetation biomass, deadwood, 

litter, and soil organic matter (IPCC, 2014b). 

 

The forest ecosystems are under enormous pressure due to human activities and natural factors, such as 

land-use change, overgrazing, deforestation, and fire. Deforestation and degradation of forests threaten their 

potential to sequester carbon and affect the carbon sinks (IPCC, 2007). When a forest is cleared or degraded, 

it becomes a source of emission as it emits its stored carbon. Forest degradation and deforestation accounted 

for 12% of CO2 emissions globally between 2000 and 2009 (IPCC, 2014a). Given the role of global forests 

in climate change mitigation, maintaining them and increasing the carbon sinks is of utmost importance. 

 

The United Nations Framework Convention on Climate Change (UNFCCC) is a United Nations entity with 

197 member countries aimed to stabilize Greenhouse Gas (GHG) concentration in the atmosphere and 

prevent dangerous human interference with the climate system (UNFCCC, 2021). The UNFCCC devised a 

GHG inventory that records the GHG emission and removal from land use, land-use change, and forestry 

(LULUCF). In 2018, the European Union (EU) adopted the LULUCF as part of its regulation to reduce 

GHG emissions (Eric & Mart-Jan, 2019). The Netherlands implemented the  ‘System of Environmental-

Economic Accounts – Experimental Ecosystem Accounting’ (SEEA EEA) to comply with the EU 

regulations. This carbon reporting system measures and accounts for all the relevant carbon stocks and 

flows in various reservoirs (Lof et al., 2017). Aboveground biomass (AGB) is one of the major forest carbon 

pools and an indicator of the amount of carbon sequestered by the forest (Bombelli et al., 2009). As 50% 

of the forest AGB is sequestered carbon (Brown, 1997), it is required to estimate the forest biomass in order 

to measure its carbon stock. 

 

AGB can be estimated through direct destructive method or indirect non-destructive method (Wakawa, 

2016). Estimating biomass through destructive methods is accurate, but it is expensive, time-consuming, 

and practically not possible at a national scale to cut, dry, and weigh all the trees (Vashum & Jayakumar, 

2012). A non-destructive method of estimating biomass uses allometric equations. These equations use field-

measured tree biometrics like the Diameter at Breast Height (DBH), tree height, and tree wood density as 

input parameters in the mathematical equations to estimate AGB (Kebede & Soromessa, 2018; Shi & Liu, 

2017). The process of collecting tree biometric data at the national level poses its challenges like 1) 

inaccessible areas, 2) time-consuming process, 3) difficulty in assembling a large workforce for operations, 

and 4) risk of measurement bias. Hence, Intergovernmental Panel on Climate Change (IPCC) and UNFCCC 

recommend using a combination of field measurements and remote sensing methods to monitor and 

estimate biomass (IPCC, 2006). 

 

Remote sensing is an indirect non-destructive method of AGB estimation. Tree height and DBH, the two 

important input parameters in the allometric equation to estimate AGB, can be extracted or modeled using 
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remote sensing data (Roy & Ravan, 1996; Vashum & Jayakumar, 2012). The tree DBH, however, can only 

be indirectly extracted from remote sensing data. Several studies have explored the relationship between 

remotely sensed forest parameters like crown projection area (CPA), crown diameter (CD), and tree height, 

and tree DBH (González-Jaramillo et al., 2018; Jucker et al., 2017; Popescu, 2007; Priedītis, Šmits, Arhipova, 

Daăis, & Dubrovskis, 2012; Shimano, 1997; Verma, Lamb, Reid, & Wilson, 2014). The studies proved that 

there is a strong relationship between remotely sensed forest parameters and DBH, and statistical regression 

models can be used to predict the DBH of trees by establishing relationships between remotely sensed forest 

parameters like CPA, CD, tree height, or their combinations and field sampled DBH. The tree parameters 

predicted by the model are then used in allometric equations, leading to AGB estimation (Pizaña, 

Hernández, & Romero, 2016).  

 

AGB estimation using remote sensing is time and cost-efficient (Lu, 2006). It provides biophysical 

information of the forest on various scales ranging from local to global scale (Mohren, Hasenauer, Köhl, & 

Nabuurs, 2012). Various sensors and data sets can be employed depending on the type of forest and scale 

of study to acquire forest parameters (Mitchell, Rosenqvist, & Mora, 2017). The datasets used in forestry 

applications include 1) optical remote sensing data like medium and low spatial resolution multispectral 

broadband images, 2) high spatial resolution optical data from satellite, manned aerial vehicles, and 

unmanned aerial vehicle (UAV), 3) Hyperspectral data, 4) Radio Detection And Ranging 

(RADAR)/Synthetic Aperture Radar (SAR) data and 5)  Light Detection and Ranging (LiDAR) data 

(Pandey, Srivastava, Chetri, Choudhary, & Kumar, 2019; Timothy, Onisimo, Cletah, Adelabu, & Tsitsi, 

2016). Each of these data sets has its advantages and disadvantages with the data availability, temporal 

characteristics, the accuracy of biophysical information, and acquisition cost (Kumar & Mutanga, 2017). 

 
Medium and low spatial resolution optical remote sensing data from satellites like LANDSAT and MODIS 

were used to estimate AGB (Halperin, LeMay, Chidumayo, Verchot, & Marshall, 2016; Yin et al., 2015). 

However, these data have limitations in biomass estimation accuracy because of their low spatial resolution 

and mixed pixels (Avitabile, Baccini, Friedl, & Schmullius, 2012; Lu, 2006). High spatial resolution satellite 

data from satellites like IKONOS and Quickbird provide better accuracy when compared to moderate or 

low spatial resolution data (Sousa, Gonçalves, Mesquita, & Marques da Silva, 2015). Hyperspectral data like 

data from Hyperion are also used to estimate AGB (Thenkabail, Enclona, Ashton, Legg, & De Dieu, 2004). 

However, all these data do not provide details of the forest's vertical structure and are very sensitive to 

weather phenomena like clouds (Lu, 2005). Holopainen, Vastaranta, and Hyyppä (2014) found that, due to 

lack of information about the vertical structure, the accuracy of AGB estimated is lower than the accuracy 

of AGB estimated using 3D data from LiDAR or RADAR. Additionally, fit-for-purpose high spatial 

resolution satellite data and hyperspectral data are costly to acquire and difficult to process (Timothy et al., 

2016; Vastaranta et al., 2018).  

 

RADAR/SAR is an active remote sensing method that uses microwave radiation as its source. Longwave 

microwave radiations like the L-band and P-band can penetrate through the tree canopy leading to a dense 

3D point cloud (Mitchell et al., 2017). However, low spatial resolution, saturation, and complex corner 

reflection properties lead to AGB estimation uncertainties, and data acquisition is also expensive (Sinha, 

Jeganathan, Sharma, & Nathawat, 2015). LiDAR is also an active remote sensing method; it uses a laser 

beam as the source. LiDAR data also provides a 3D point cloud with information on the vertical forest 

structure in all types of forest (Means et al., 1999; Stereńczak, Zasada, & Brach, 2013). Though LiDAR data 

products are accurate in estimating AGB, the acquisition cost is high. Therefore multiple flights are 

practically not feasible due to financial constraints (Dayamit, Pedro, Ernesto, & Fernando, 2015; Mlambo, 

Woodhouse, Gerard, & Anderson, 2017; Timothy et al., 2016).  
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The UAVs are the latest development in remote sensing, where a digital camera onboard the drones acquires 

high spatial resolution optical images. UAVs are easy to operate, and they are flexible. Therefore, custom 

missions can be planned to collect fit-for-purpose data proving to be time and cost-effective (Banu, Borlea, 

& Banu, 2016; Lu et al., 2020). With UAVs, optical images with overlap can be acquired. Photogrammetric 

algorithms and software models like Aerial Triangulation (AT), Structure from Motion (SfM), or stereo-

matching enable accurate 3D reconstruction of the scene from overlapping 2D optical images (Gatziolis, 

Lienard, Vogs, & Strigul, 2015).  

 

The widely employed SfM model is a computer vision algorithm that uses stereophotogrammetry principles 

to create 3D information from multiple overlapping 2D images. SfM model automatically identifies similar 

points called key points in multiple images. The model then performs key point matching in multiple images 

to compute the camera position and produces a sparse 3D point cloud in relative image space. Using Ground 

control points (GCP), intense bundle block adjustment is done to georeference the 3D point cloud to real 

object space. The quality of the 3D point cloud depends on the number of images, the overlap between 

images, and the flying height. More images with high overlap and lower flying height increase the 3D point 

cloud density (Iglhaut et al., 2019; Micheletti, Chandler, & Lane, 2015; Mlambo et al., 2017; Westoby, 

Brasington, Glasser, Hambrey, & Reynolds, 2012).  

 

The 3D point cloud obtained from the SfM model is classified into ground and non-ground points. These 

points are used to generate elevation models like the Digital Terrain Model (DTM) representing the bare 

ground surface or terrain surface and the Digital Surface Model (DSM) representing the ground surface 

including objects. The DTM and DSM's arithmetic difference is the Canopy Height Model (CHM) from 

which tree heights can be extracted (Birdal, Avdan, & Türk, 2017; Mlambo et al., 2017; Moe, Owari, Furuya, 

& Hiroshima, 2020). High spatial resolution true orthophoto can be generated from UAV images by the 

orthorectification process. The orthorectification process uses DSM to eliminate the vertical distortion of 

surface objects, thus retaining their geometric accuracy (Amhar, Jansa, & Ries, 1998; Barazzetti, Brumana, 

Oreni, Previtali, & Roncoroni, 2014; Liu, Zheng, Ai, Zhang, & Zuo, 2018). The high spatial resolution 

orthophoto enables individual tree crown segmentation leading to the accurate measurement of crown 

parameters like CPA and CD from which DBH can be modeled (Berie & Burud, 2018). UAV data products 

provide both horizontal and vertical structural information of a forest needed for AGB estimation, thus 

making UAVs the most sought-after data acquisition method for forest monitoring projects. Several studies 

have used forest parameters extracted from the UAV dataset to estimate aboveground biomass (Fernandes 

et al., 2020; Kachamba, Ørka, Gobakken, Eid, & Mwase, 2016; Lin, Wang, Ma, & Lin, 2018; Ota et al., 2015; 

Wahyuni, Jaya, & Puspaningsih, 2016). 

1.2. Problem statement 

In order to successfully implement carbon accounting, reliable, accurate, and cost-efficient methods of 

forest carbon monitoring and AGB estimation should be used. In their study, Chave et al. (2014) found that 

the AGB model that used an allometric equation with DBH and tree height as parameters performed better 

than the model that used just DBH as a parameter. Though UAV data products are time and cost-effective,  

the AGB estimation accuracy depends on the accuracy of extracted forest parameters like tree height derived 

from CHM and CPA, and CD derived from orthophoto (Berhe, 2018; Kachamba, Ørka, Næsset, Eid, & 

Gobakken, 2017). 
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The accuracy of tree heights extracted from the CHM is influenced by the quality of DTM (Kachamba et 

al., 2017; Krause, Sanders, Mund, & Greve, 2019; Moe et al., 2020). A significant shortcoming with UAV 

data is the accuracy of DTM. DTM is generated by spatial interpolation of ground points from UAV 3D 

point cloud data (Fawcett et al., 2019). The accuracy of DTM is influenced by the number of points 

considered during interpolation. Optical sensors onboard UAVs do not penetrate the forest canopy. 

Therefore, when the forest canopy is dense or when there is dense understory vegetation, they do not 

penetrate to the actual forest floor. As a result, fewer points are created that represent the ground (Mlambo 

et al., 2017). The limitation in the number of points reaching the actual ground affects the accuracy of DTM 

generated based on interpolation of ground points, subsequently affecting the quality of CHM generated 

and the accuracy of extracted tree height.  

 

Also, in the forest with interlocking tree crowns, delineation of CPA and extraction of CD from UAV 

orthophoto is challenging as the edges of tree crowns are not captured accurately. Some crown edges are 

hidden under the other interlocking crowns. This inaccurate CPA subsequently affects the accuracy of 

modeled DBH.  

 

Nesbit and Hugenholtz (2019) researched on improving the density and accuracy of the 3D point cloud 

generated from the UAV SfM model by incorporating nadir and off-nadir obliques images in the workflow. 

Meinen and Robinson (2020) studied the effect of incorporating oblique images in the UAV SfM model on 

the accuracy of surface models. Both the studies have concluded that the UAV-SfM model that uses both 

nadir images and oblique images in combination results in a 3D point cloud with more points and improved 

the accuracy of surface models. This method of incorporating images acquired at different imaging angles 

to build a dense 3D point cloud and surface models for the forests with different canopy structures has not 

been well documented in the literature. In forests with dense and medium dense canopy, using an oblique 

camera view may image the forest's actual ground and tree crown structure, which otherwise would have 

been hidden in nadir view due to adjacent trees and interlocking tree crowns. Thus, subsequently influencing 

the accuracy of extracted tree parameters. Figure 1-1 shows the schematic illustration of the field of view of 

UAV nadir and oblique angles. Thereby, this study aims to assess the accuracy of tree parameters extracted 

from the UAV-SfM 3D model that incorporates images acquired at different imaging angles and assess the 

effect of tree height estimation errors on AGB estimation accuracy. 

Figure 1-1. Schematic illustration of the field of view of different UAV view angle 
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1.3. Research objective 

To assess the accuracy of tree parameters generated from the UAV-SfM 3D model that incorporates images 

acquired at different imaging angles under different canopy densities and assess the effect of tree height 

estimation errors on AGB estimation accuracy in Haagse Bos, The Netherlands. 

1.3.1. Specific objective 

1) Assess the accuracy of DTM generated from UAV-Nadir images and UAV-Oblique images under 

dense and medium dense canopy. 

2) Assess the accuracy of tree heights derived from UAV-Nadir CHM and UAV-Oblique CHM under 

dense and medium dense canopy. 

3) Assess the accuracy of DBH modeled using tree parameters derived from UAV-Nadir images and 

UAV-Oblique images under dense and medium dense canopy. 

4) Assess the effect of tree height estimation errors on the accuracy of AGB estimates under dense 

and medium dense canopy 

1.3.2. Research question 

1) What is the accuracy of DTM generated from UAV-Nadir images and UAV-Oblique images under 

dense and medium dense canopy compared to LiDAR DTM? 

2) How accurate are the tree heights derived from UAV-Nadir CHM and UAV-Oblique CHM under 

dense and medium dense canopy compared to LiDAR CHM? 

3) How accurate is the DBH modeled using tree parameters extracted from UAV-Nadir images and 

UAV-Oblique images under dense and medium dense canopy compared to field-measured DBH? 

4) What is the effect of tree height estimation errors on AGB estimation under dense and medium 

dense canopy? 

1.3.3. Hypothesis 

1) H0: There is no significant difference between the UAV-Nadir, UAV-Oblique, and LiDAR DTM. 

H1: There is a significant difference between the UAV-Nadir, UAV-Oblique, and LiDAR DTM. 
 

2) H0: There is no significant difference between the tree heights derived from UAV-Nadir, UAV-
Oblique, and LiDAR CHMs. 

H1: There is a significant difference between the tree heights derived from UAV-Nadir, UAV-
Oblique, and LiDAR CHMs 
 

3) H0: There is no significant difference between the DBH modeled from UAV-Nadir and UAV-
Oblique-derived tree parameters and field-measured DBH. 

H1: There is a significant difference between the DBH modeled from UAV-Nadir and UAV-
Oblique-derived tree parameters and field-measured DBH. 
 

4) H0: Tree height estimation errors do not have a significant effect on AGB estimation 

H1: Tree height estimation errors do have a significant effect on AGB estimation 

1.4. Conceptual diagram 

The conceptual diagram given in Figure 1-2 shows the important systems identified in this study and their 

interactions. The central system in this study is the Haagse Bos forest in Enschede, Netherlands, which 

consists of deciduous and coniferous trees (subsystem). The sun interacts with the subsystem trees by 

emitting radiation, thus enabling photosynthesis in trees. The trees interact with the atmosphere by 
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absorbing CO2 during photosynthesis, thus regulating the carbon in the atmosphere. The problem arises 

when this interaction between trees and the atmosphere is affected due to deforestation and degradation.  

 

The other essential systems relevant to this study are the remote sensing sensors and platforms like UAV 

and Airborne LiDAR. These platforms and sensors are used to collect the necessary data required to monitor 

and estimate the AGB of the Haagse Bose forest. The researchers also play a crucial role in building the 

models to estimate the AGB. The primary interaction of the researchers and the forest is during the field 

sampling process when they collect representative ground samples to build the AGB estimation models.  
  

Figure 1-2. Conceptual diagram 
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2. MATERIAL AND METHOD 

2.1. Study area 

The study is conducted in the Haagse Bos forest in The Netherlands. It is located in the province of 

Overijssel between 52°16'10" N - 52°16'50" N and  6°57'00" E - 6°57'40" E. Haagse Bos was once a privately 

owned plantation forest used for timber production, and a part of it was later converted to a natural forest 

managed by Natuurmonumenten. Bureau Takkenkamp manages the privately-owned plantation forest. The 

study area has a mix of deciduous and evergreen trees. The common deciduous tree species found include 

Oak (Quercus robur), European Beech (Fagus sylvatica), European White Birch (Betula pendula), European larch 

(Larix decidua), Maple (Acer pseudoplatanus), and Alder (Alnus glutinosa). The common evergreen coniferous 

tree species found include Douglas Fir (Pseudotsuga menziesii), Scots Pine (Pinus sylvestris), and Norway Spruce 

(Picea abies). Figure 2-1 shows the study area's location, which includes the dense and medium dense canopy 

blocks used in the study. The dense canopy block covers an area of 10.10ha with a canopy closure of 76%, 

and the medium dense canopy block covers an area of 9.84ha with a canopy closure of 64%. 

2.2. Material 

This section includes a brief description of the various data sets, the types of equipment used to collect the 

data, and the various software used to process the data in this study. 

Figure 2-1. Location of the study area 
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2.2.1. Data 

The data used for this study include UAV images acquired at different viewing angles, LiDAR point cloud 

data, and tree biometric data. The UAV data and the tree biometric data were collected from the field, and 

the LiDAR point cloud was downloaded from the Actueel Hoogtebestand Netherlands (AHN). The list of 

data and its sources are given in Table 2-1. 

 

Table 2-1. List of data and sources 

Data Source 

UAV Images DJI Phantom 4 

LiDAR point cloud Actueel Hoogtebestand Netherlands 

Tree location Fieldwork 

Tree DBH Fieldwork 

Tree Species Fieldwork 

Ground control points (GCP) Fieldwork 

2.2.2. Equipment 

Different types of equipment were used to collect data from the field for the study. The equipment list and 

its purposes are given in Table 2-2. 

 

Table 2-2. List of equipment used and purpose 

Data Purpose 

Diameter tape DBH measurement 

Measurement tape 30m Sample plot radius measurement 

Distance measurement of the tree from the 

plot center 

Tree tag Tree numbering 

Compass Suunto Tree bearing measurement 

GNSS LEICA C15 GCP and 3D ground data measurement 

GCP markers Mark GCPs 

Datasheet Record data  

DJI Phantom 4  Acquire UAV RGB images 

2.2.3. Software 

The data processing, data analysis, interpretation, and documentation for this study were made using various 

software. The list of software used and its purposes are listed in Table 2-3.  

 

Table 2-3. List of software used and purpose 

Data Purpose 

Pix4DMapper UAV image processing 

LAZ tools in ArcGIS LiDAR data processing 

ArcMap 10.7.1 Spatial data analysis and visualization 

Microsoft Excel  Data storage and analysis 

RStudio Data analysis 

SPSS Data analysis 

Google Earth Pro UAV flight block selection 

Avenza Map Navigation in field and recording field notes 

Gap Light Analysis Mobile Application (GLAMA) Canopy closure estimation 
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2.3. Workflow 

The method followed to complete the study includes five main processes, and they include 

1) UAV flight planning and UAV image acquisition 

2) UAV data processing to generate orthophoto, DSM, DTM and CHM 

3) Fieldwork planning, ground truth data collection, and processing 

4) LiDAR point cloud download and processing to generate DSM, DTM, and CHM. 

5) Data analysis to answer the study's research questions 

Sections 2.5 to 2.7 describes the five main processes, and Figure 2-2 shows the study's overall workflow 

indicating the five main processes.  

 

Figure 2-2. The overall workflow of the study 
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2.4. Canopy density classes 

An initial reconnaissance survey of the study area was done before the UAV flight to identify different 

canopy density blocks. During ground truth data collection, the percentage canopy closure was measured in 

each of the chosen blocks. Canopy closure was measured using the Gap Light Analysis Mobile Application 

(GLAMA) at the sample plot center and in four directions. The GLAMA estimates the canopy cover using 

hemispherical, wide-angle, and standard photographs (Tichý, 2016). In the field, the mobile camera with a 

wide-angle setting was used to capture the canopy image. The image was used as input in the GLAMA to 

calculate the percentage canopy closure. The average canopy closure percentage of the different blocks is 

given in Table 2-4, and they comply with different international forest canopy density classification standards 

(Barber, Bush, & Berglund, 2011; Brohman & Bryant, 2005; FAO, 2003; “Scheme of classification: Forest 

Survey of India,” 2018; Vandendriesche, 2013). 

 

Table 2-4. Percentage canopy closure in the study area 

Canopy Density Block Canopy Closure (%) 

Dense Canopy 76% 

Medium Dense Canopy 64% 

2.5. Data collection 

2.5.1. UAV flight planning and data collection 

Visual interpretation of Google earth images and Planet scope images was done to select flight blocks and 

ensure enough open space to establish a well-distributed GCP placement. UAV RGB images were acquired 

in September 2020 for the study. UAV RGB images were acquired with a camera view angle set at 90 degrees 

(nadir) and 75 degrees (15 degrees off-nadir and east facing). Pepe, Fregonese, and Scaioni (2018) and  

Wenzel, Rothermel, Fritsch, and Haala (2013), in their studies, quoted that finding an optimal oblique angle 

of view is challenging, and it should be found by experiments and trials. However, that was beyond the 

scope of this study. Meinen and Robinson (2020) analyzed 150 scenarios with multiple angles and 

combinations. The study concluded that 15-degree tilt resulted in increased point cloud density with accurate 

and precise points. Also, in their study, Meinen and Robinson (2020) used 15-degree off-nadir images and 

proved that it improved the accuracy of surface models. Therefore 75 degrees (15-degree tilt off-nadir) was 

chosen for the study. The flight parameter settings are provided in Table 2-5. UgCS, the drone control 

software, was used to set the flight parameter, and it was also used to track the drone in real-time while 

acquiring images. The GCPs were measured using GNSS LEICA C15. The distribution of GCP and images 

acquired at nadir are shown in Figure 2-3. 

 

Table 2-5. UAV flight parameters of dense and medium dense canopy blocks 

Parameter Value (RGB-Nadir) Value (RGB-Oblique) 

Flight Pattern Double grid Single grid 

Camera Angle 900 750 

Camera Orientation Nadir East facing oblique 

Forward Overlap 90% 90% 

Side Overlap 80% 80% 

Speed Slow Slow 

Altitude 100-110m 100-110m 

Ground control points 9 9 
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2.5.2. Field data sampling design 

The study area was stratified based on canopy density, and then sample plots were purposively selected in 

each stratum due to accessibility, time, and weather constraints. Circular sample plots were established, with 

a radius of 12.60m, which makes an area of 500m2. For biomass estimation studies, the sample plot size of 

500m2 is efficient because a larger plot size does not increase the accuracy of results but increases the 

fieldwork cost and time (Kachamba et al., 2017; Ruiz, Hermosilla, Mauro, & Godino, 2014). Circular sample 

plots were chosen because it is easy to establish with single control point and efficient in forest inventory 

(Kershaw, Ducey, Beers, & Husch, 2017; Köhl, Magnussen, & Marchetti, 2006; Maniatis & Mollicone, 2010; 

Paudel & Mandal, 2019). A total of 13 plots were sampled in dense canopy block, and 10 plots were sampled 

in medium dense canopy block. Figure 2-4 shows the location of sample plots in dense and medium dense 

canopy density blocks. 

 

Figure 2-3. Distribution of GCP (blue check) and images (red dots) acquired at nadir 
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Figure 2-4. Map showing the location of sample plots in dense and medium dense canopy blocks 

 

2.5.3. Ground truth data collection 

Ground truth data were collected between September 2020 and November 2020 for the study. In the blocks, 

mostly big trees easily identifiable on orthophoto were made as plot centers. These sample plots center were 

marked on UAV orthophoto loaded in Avenza Map mobile application. Tree species, DBH, and the location 

of all trees with respect to the plot center within the established sample plot were recorded. Only the 

biometrics of trees within the sample plot that were visible on orthophoto were recorded. The data entry 

sheet used in the field is given in Appendix 1. Biometric data of 113 trees were recorded in the dense block, 

and 171 trees were recorded in the medium dense block. 

2.5.4. LiDAR data 

LiDAR point cloud data was downloaded from AHN. The AHN produces LiDAR data products for the 

whole of the Netherlands, and it is open-source data owned by Rijkswaterstaat. Though the AHN provides 

DTM as grids at 50cm resolution, they had voids. Therefore, the LiDAR point cloud from AHN was used 

in the study to generate the DTM, DSM, and CHM, which are considered reference data for accuracy 

assessment. The tile 29CZ1 of the AHN3 dataset covers the study area, and it was acquired in February 

2019 (“Voortgang AHN 2019,” 2019). In AHN 3 dataset, 99.70% of points have a vertical accuracy of 20cm 

and a systematic and standard deviation of not more than 5cm. The 3D point cloud was downloaded in 

LAZ format, which has a point density of 6 to 10 points/m2 (“Quality description | AHN,” 2019).  

2.6. Data processing 

This study's data processing includes processing ground truth data, UAV images, and LiDAR point cloud 

data, explained in the following sections.  
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2.6.1. Ground truth data processing 

The ground truth data collected from the field were entered in Microsoft Excel for digital storage and further 

processing. The XY coordinates of the plot centers were used as a reference to identify the location of the 

sampled trees. The field measured distance and bearing of each tree within the sample plot were converted 

to departure and latitude using Eq (1) and (2). The schematic illustration of departure and latitude is shown 

in Figure 2-5. The X and Y coordinates of the tree were calculated by adding the departure and latitude to 

the X and Y coordinate of the plot center, respectively (Eq 3 and 4) (Harvey, 2012; Wilson, 2000). The 

sampled trees were identified in the orthophoto by importing the calculated XY coordinates to ArcMap. 

Then the individual tree crowns were manually digitized for further data analysis. 

 

𝐷𝑒𝑝𝑎𝑟𝑡𝑢𝑟𝑒 = 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 ∗  sin 𝜃 Eq (1) 

𝐿𝑎𝑡𝑖𝑡𝑢𝑑𝑒 = 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 ∗  cos 𝜃 Eq (2) 

𝑋 𝐶𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒 𝑜𝑓 𝑡𝑟𝑒𝑒 = 𝐷𝑒𝑝𝑎𝑟𝑡𝑢𝑟𝑒 + 𝑋 𝑐𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒 𝑜𝑓 𝑝𝑙𝑜𝑡 𝑐𝑒𝑛𝑡𝑒𝑟 Eq (3) 

𝑌 𝐶𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒 𝑜𝑓 𝑡𝑟𝑒𝑒 = 𝐿𝑎𝑡𝑖𝑡𝑢𝑑𝑒 + 𝑌 𝑐𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒 𝑜𝑓 𝑝𝑙𝑜𝑡 𝑐𝑒𝑛𝑡𝑒𝑟 Eq (4) 

 

2.6.2. UAV data processing 

The UAV images were processed in photogrammetry software Pix4Dmapper to produce a 3D point cloud, 

DSM, DTM, and orthophoto. The Pix4Dmapper uses a three-step processing procedure to generate a 3D 

point cloud and orthophoto (“Processing steps – Support,” 2021). First, the camera parameters are 

optimized, followed by keypoint extraction and matching in the initial processing step using SfM 

photogrammetric algorithm. The SfM model identifies matching key points from overlapping input 2D 

images to create a sparse point cloud (Iglhaut et al., 2019; Micheletti et al., 2015; Mlambo et al., 2017; 

Westoby et al., 2012). The 3D point cloud is georeferenced using the imported GCP marks measured in the 

field with GNSS LEICA C15. In the second step, it runs the bundle block adjustment to create a dense 3D 

point cloud. Finally, in the third step, the software generates the DSM using the Inverse Distance Weighting 

method and performs orthorectification to generate a true orthophoto (“Photo stitching vs orthomosaic 

Figure 2-5. Schematic illustration of departure and latitude 
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generation – Pix4D,” 2021). The dense 3D point cloud is classified to generate the DTM. The Pix4Dmapper 

uses machine learning to classify the point cloud into five different classes: Ground, Road Surface, High 

Vegetation, Building, and Human-Made object based on geometry and color (“Automatic point cloud 

classification for construction | Pix4D,” 2017; “How to generate the point cloud classification – Support,” 

2021). Only the points in the class ground and road surfaces are used to build the DTM in Pix4Dmapper. 

 

The UAV images acquired for dense and medium dense canopy blocks were processed in two sets. For the 

first dataset (UAV nadir), the images acquired at nadir in the double grid were used for processing in 

Pix4Dmapper. For the second dataset (UAV oblique), images acquired at 75 degrees single grid and images 

acquired at the nadir in double grid were used in combination for processing. A total of 9 GCPs and 4 

checkpoints were used in the processing of both datasets. Figure 2-6 shows the schematic illustration of 

camera orientation of image sets used in both processing. The specifications of the 3D point cloud, DSM, 

Orthophoto, and DTM generated from SfM processing are given in Appendix 2. 

 

2.6.3. LiDAR data processing 

The LiDAR point cloud was processed to generate the DTM and DSM using the LAStools in ArcGIS. The 

first returns were used to generate the DSM LAS dataset layer. The ground returns were used to generate 

the DTM LAS dataset layer. Both the LAS dataset layers were converted to raster layers of 50cm resolution 

(Bazezew, Hussin, & Kloosterman, 2018; Thapa Magar, 2014). Since AHN provides DSM and DTM (with 

voids) as grids at 50cm resolution, the same resolution was maintained in this study for the point cloud 

generated DTM and DSM, and it was not reduced to lower fine resolution.   

Figure 2-6. Schematic illustration of camera orientation for image sets used for processing 
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2.6.4. Canopy height model 

The CHM was used to extract the individual tree height. The UAV CHMs and LiDAR CHMs were 

generated by subtracting the DTM from DSM (Jayathunga, Owari, & Tsuyuki, 2018; Krause et al., 2019; 

Mohan et al., 2017; Reder, Waßermann, & Mund, 2019). The UAV nadir and oblique CHMs were generated 

at three different resolutions (22cm, 50cm, and 1m). LiDAR CHMs were generated at two different 

resolutions (50cm and 1m). The DSM and DTM from both the UAV nadir and oblique datasets were first 

resampled, and then the Raster Calculator tool in ArcGIS was used to generate the CHMs. The different 

CHMs generated, the layers used, and their resolutions are indicated in the flowchart shown in Figure 2-7. 

2.6.5. Crown delineation and tree height extraction 

Tree crown delineation is essential to create the CPA and CD of each tree. Using CPA, tree height can be 

extracted from CHM and both CPA and CD can be used to model DBH (Iizuka, Yonehara, Itoh, & Kosugi, 

2017; Kattenborn, Hernández, Lopatin, Kattenborn, & Fassnacht, 2018; Moe, Owari, Furuya, Hiroshima, 

& Morimoto, 2020). The trees sampled in the field were identified in orthophoto, and their crowns were 

delineated by manual on-screen digitization. Manual digitization is considered the most accurate method as 

the crown edges can be identified without error (Pouliot, King, Bell, & Pitt, 2002). In addition, manual 

digitization was used in this study because of the small study area (Wagner et al., 2018). The Zonal Statistics 

tool in ArcGIS was used to extract the highest value from the generated UAV and LiDAR CHMs within 

the digitized tree crown. The extracted highest CHM value was considered the tree height. (Lim et al., 2015; 

Moe et al., 2020). 

2.7. Data analysis 

This research's data analysis includes the DTM accuracy assessment, tree height accuracy assessment, DBH 

model development, DBH model validation, and AGB estimation and sensitivity analysis. In addition, 

various statistical analysis and testing methods were used to analyze the data and draw conclusions in this 

study. They are described in the following sections.  

Figure 2-7. CHMs generated and their resolutions 
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2.7.1. DTM accuracy assessment 

The LiDAR DTM generated at 50cm resolution was used as a reference to assess the accuracy of the UAV 

DTMs and answer research question 1. The resolution of UAV DTMs generated using nadir only images 

and a combination of nadir and oblique images were 22cm. They were resampled using bilinear interpolation 

to 50cm resolution so that all comparable DTMs are in the same resolution and values of similar areas are 

extracted for comparison. A total of 100 random points were generated in each of the canopy density blocks 

using the Create Random Points tool in ArcGIS. Elevation values from each of the DTMs were extracted 

for the 100 points. A linear relationship was established between the UAV DTM elevation and LiDAR 

DTM elevation using the simple linear regression model. The coefficient of determination (R2) and Pearson's 

correlation coefficient (r) were used to determine the relationship's strength (Kahyani, Hosseini, & Basiri, 

2011). The Root Mean Square Error (RMSE) was used to quantify the error associated with the elevation 

values from UAV DTM, and Bias was used to determine the direction of error (Harwell, 2018). RMSE and 

Bias were calculated using Eq (5) – (8). One-way ANOVA and Tukey's Honest Significant Difference (HSD) 

test were used to assess the significance of the difference between the means at 95% confidence level (α = 

0.05). Tucky HSD test can compare multiple means simultaneously and thus can reduce the experiment-

wise error rate. Since this study involves comparison of more than two sample sets, the Tucky HSD post 

hoc test was used in order to reduce the chances of false-positive (Frost, 2021; Stoll, 2017). 

 

𝑅𝑀𝑆𝐸 =  √
∑(�̂�𝑖 − 𝑦𝑖)2

𝑛
  

Eq (5) 

  

𝑅𝑀𝑆𝐸 % =  
𝑅𝑀𝑆𝐸

𝑦�̅�

 × 100 
Eq (6) 

  

𝐵𝑖𝑎𝑠 =  
∑(�̂�𝑖 − 𝑦𝑖)

𝑛
 

Eq (7) 

 

  

𝐵𝑖𝑎𝑠 % =  
𝐵𝑖𝑎𝑠

𝑦�̅�

× 100 Eq (8) 

 

 

Where, 

�̂�𝑖 is the estimated value 

𝑦𝑖 is the reference value 

𝑦�̅� is the average reference value and 

𝑛 is the number of observations. 

2.7.2. Tree height accuracy assessment 

Tree heights extracted from LiDAR CHMs were used as a reference to assess the accuracy of tree heights 

extracted from UAV CHMs, as it is proved to be more accurate than field-measured tree heights in several 

studies (Ke & Quackenbush, 2011; Sadadi, 2016; Wallace, Lucieer, Malenovskỳ, Turner, & Vopěnka, 2016; 

Wang et al., 2019). A linear relationship was established between the tree heights from UAV CHM and 

LiDAR CHM using the simple linear regression model. The coefficient of determination (R2) and Pearson's 

correlation coefficient (r) were used to assess tree height accuracy. RMSE and bias were used to quantify 

the error in the tree heights extracted (Yin & Wang, 2016). Eq (5) - (8) were used to quantify error. One-way 

ANOVA and Tukey's Honest Significant Difference (HSD) test were used to assess the significance of the 

difference between the tree height means at a 95% confidence level (α = 0.05), thus answering the research 

question 2.  



ASSESSING THE EFFECT OF UAV OBLIQUE IMAGING ON TREE PARAMETER ACCURACY – A STUDY IN HAAGSE BOS, THE NETHERLANDS 

 

17 

2.7.3. DBH model development and validation 

DBH can be modeled from tree parameters derived from remote sensing data using various regression 

models (Priedītis et al., 2012). Linear, quadratic, logarithmic, and power models were used in this study. 

Different UAV derived tree parameters like tree height (TH), CD, CPA, and product of tree height and 

crown diameter (TH*CD) were used as dependant variables to predict the DBH (Dalponte et al., 2018; 

Gaden, 2020; Jucker et al., 2017; Kattenborn et al., 2018; Verma et al., 2014). In this study, the product of 

TH and CD was used in order to avoid the problem of collinearity (Jucker et al., 2017). TH from UAV nadir 

and oblique CHM50cm were used. The CD was calculated using the formula given in Eq (9).  

 

𝐶𝑟𝑜𝑤𝑛 𝑑𝑖𝑎𝑚𝑒𝑡𝑒𝑟 (𝑚) =  √
𝐶𝑃𝐴

𝜋
  

 
𝑤ℎ𝑒𝑟𝑒 𝜋 = 3.14159. 

Eq (9) 

  

The ground sampled data were split into 60% for model building and 40% for validation. From the different 

regression models built, the best model with lower RMSE and higher R2 was chosen to predict the DBH of 

40% of the trees for model validation. A simple linear relationship was established between the model 

predicted DBH and field measured ground truth DBH to validate the model. The coefficient of 

determination (R2) and Pearson's correlation coefficient (r) were used to assess the predicted and field-

measured DBH relationship. RMSE and bias were used to quantify the error in the model predicted DBH. 

Eq (5) – (8) were used to quantify error. One-way ANOVA was used to assess the significance of the 

difference between the predicted DBH and field measured DBH at a 95% confidence level (α = 0.05). 

2.7.4. AGB estimation 

Allometric equations that use DBH and tree height as input parameters were used to calculate AGB. The 

allometric equations used in this study were species-specific developed for the Netherlands, taken from 

Zianis, Muukkonen, Mäkipää, and Mencuccini (2005).  The equations used are given in Table 2-6. Three sets 

of AGB were calculated using field-measured DBH and LiDAR tree heights, UAV nadir estimated tree 

heights, and UAV oblique estimated tree heights. 

 

Table 2-6. Species-specific allometric equations used in the study to calculate AGB 

Species Allometric Equation R2 Country Eq 

Alder  

(Alnus glutinosa) 

 

𝐴𝐺𝐵 =  𝐷1.85749. 𝑇𝐻0.88675. exp(−2.5222) 0.991 Netherlands (10) 

Douglas fir  

(Pseudotsuga menziesii) 

 

𝐴𝐺𝐵 =  𝐷1.90053. 𝑇𝐻0.80726. exp(−2.43151) 0.993 Netherlands (11) 

European Beech  

(Fagus sylvatica) 

 

𝐴𝐺𝐵 =  0.049. 𝐷1.78189. 𝑇𝐻1.08345 0.999 Netherlands (12) 

European Larch  

(Larix decidua) 

 

𝐴𝐺𝐵 =  𝐷1.86670. 𝑇𝐻1.08118. exp(−3.0488) 0.996 Netherlands (13) 

European White Birch  

(Betula pendula) 

 

𝐴𝐺𝐵 =  𝐷1.89060. 𝑇𝐻0.26595. exp(−1.07055) 0.999 Netherlands (14) 
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Maple  

(Acer pseudoplatanus) 

 

𝐴𝐺𝐵 =  𝐷1.89756. 𝑇𝐻0.97716. exp(−2.94253) 0.99 Netherlands (15) 

Norway spruce  

(Picea abies) 

 

𝐴𝐺𝐵 =  0.04143. 𝐷1.6704. 𝑇𝐻1.3337 0.995 Netherlands (16) 

Oak  

(Quercus robur) 

 

𝐴𝐺𝐵 =  𝐷2.00333. 𝑇𝐻0.85925. exp(−2.86353) 0.995 Netherlands (17) 

Scot pine  

(Pinus sylvestris) 
𝐴𝐺𝐵 =  𝐷1.82075. 𝑇𝐻1.07427. exp(−2.8885) 0.994 Netherlands (18) 

 

Where,  

AGB is the above-ground biomass in kg/tree, 

D is the diameter at breast height (DBH) in cm, 

TH is the height of the tree in m. 

2.7.5. AGB sensitivity analysis 

Sensitivity analysis was carried out in a controlled manner with 30 trees selected at random to see how the 

tree height differences affected the AGB estimation. The RMSE identified during tree height accuracy 

assessment was used to inflate and deflate the tree heights extracted from UAV nadir CHM and UAV 

oblique CHM (Ojoatre, Zhang, Hussin, Kloosterman, & Ismail, 2019). AGB was calculated using the 

inflated and deflated tree height and was plotted using bar graphs to visualize the effect of tree height 

differences in each canopy density class (Frey & Patil, 2002). One-way ANOVA and Tucky HSD post hoc 

follow-up test were used to assess the significance of the difference between the reference AGB and AGB 

estimated from inflated and deflated UAV tree heights at a 95% confidence level (α = 0.05). 
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3. RESULTS 

3.1. Ground-truth data  

The tree biometric data like DBH and species of 113 trees were recorded from 13 sample plots in the dense 

canopy block, and 171 trees were recorded from 10 sample plots in the medium dense canopy block. The 

number of trees per plot in different canopy density blocks is given in Figure 3-1. The distribution of species 

in different canopy density blocks is shown in Figure 3-2.  

 

 

Figure 3-1. Number of trees per plot in dense and medium dense canopy blocks 

Figure 3-2. Tree species distribution in dense and medium dense canopy blocks 
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In the dense canopy block, the average number of trees per plot is 8, and the minimum and maximum 

number of trees found per plot are 4 and 22, respectively. In the medium dense canopy block, the average 

number of trees per plot is 17, and the minimum and maximum number of trees found per plot are 11 and 

20, respectively. The dense canopy block predominantly had mature deciduous trees with interlocking tree 

crowns that overshadowed other understory trees. Only trees visible on orthophoto were sampled in the 

field during fieldwork. Therefore the total number of sampled trees in the dense canopy block is less with a 

comparatively lower average even though more sample plots were established. On the contrary, young 

coniferous trees planted at intervals characterize the medium dense canopy block. Almost all trees were 

distinctly visible on orthophoto and were measured in medium dense canopy block. Therefore, the average 

number of trees per plot is greater than the dense canopy block.  

 

Among the trees sampled in the dense canopy block, deciduous trees like Oak, Beech, Birch, Alder, and 

Norway maple make up most of the sample, with 68%. On the other hand, in the medium dense canopy 

block, evergreen coniferous tree species like the Douglas fir, European Spruce, and Scots Pine make up 

most of the sample, with 94%.  

 

The mean tree DBH of 113 trees that were measured in dense canopy block was 46.05cm. The maximum 

tree DBH measured was 101.90cm of a Beech tree, and the minimum tree DBH was 18.50cm of a Larch 

tree in the dense canopy block. In the medium dense canopy block, the mean DBH of the 171 trees 

measured was 33.74cm with a maximum and minimum DBH of 66.80cm and 13.00cm, respectively, of a 

Douglas Fir tree. The histogram of tree DBH measured from the dense and medium dense canopy blocks 

are given in Figure 3-3. The descriptive statistics of tree DBH measured from the dense and medium dense 

canopy blocks are given in Table 3-1. Detailed plot-wise descriptive statistics of field-measured tree DBH 

from different canopy density blocks are given in Appendix 3. 

Table 3-1. Descriptive statistics of field-measured tree DBH from dense and medium dense canopy blocks 

DBH Count Mean Std. Deviation Minimum Maximum 

Dense canopy block 113 46.06 17.39 18.50 101.90 

Medium dense canopy block 171 33.74 9.75 13.00 66.80 

Figure 3-3. Histogram of field measured tree DBH from dense and medium dense canopy blocks 
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3.2. Data Processing  

The spatial resolution of the generated LiDAR DSM, DTM, and CHM50cm was 50cm. Figure 3-4 shows the 

LiDAR DSM, DTM, and CHM50cm of the dense and medium dense canopy blocks. Since the LiDAR data 

was acquired during the leaf-off season and due to its penetration capabilities, the drainages in the forest 

floor are also captured in LiDAR DTM.  

 

As the output of SfM processing in Pix4Dmapper, Orthophoto, DSM, and DTM were generated. The 

spatial resolution of orthophoto generated from the UAV nadir dataset and UAV oblique dataset was 4.5cm. 

The spatial resolution of the DSM and DTM generated from the UAV nadir dataset, and UAV oblique 

dataset was 4.5cm and 22cm. Orthophoto generated from the UAV nadir, and oblique datasets are given in 

Appendix 4. Figures 3-5 and 3-6 show the DSM, DTM, and CHM22cm generated using UAV nadir and UAV 

oblique datasets for dense and medium dense canopy blocks. Not much difference is observed between 

UAV nadir and oblique orthophotos by visual interpretation in both the canopy density blocks (Appendix 

4). However, the minimum and maximum elevation of DTM and DSM differ between the UAV nadir and 

oblique datasets in both the dense and medium dense canopy blocks. In addition to that, the maximum 

values in LiDAR DTM and UAV DTM (nadir and oblique)  in both the canopy density blocks have a large 

difference.  

 

 

 

 

 

 

 

Figure 3-4. LiDAR DSM, DTM and CHM of different canopy density blocks 
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3.3. DTM accuracy assessment 

Research question one of the study is: What is the accuracy of DTM generated from UAV-Nadir images 

and UAV-Oblique images under dense and medium dense canopy compared to LiDAR DTM? 

 

To answer this research question, elevation values of 100 random points from UAV DTMs were compared 

with the elevation values from LiDAR DTM in dense and medium dense canopy blocks. All the comparable 

DTMs were of 50cm resolution. Firstly, the accuracy of LiDAR DTM was validated using random elevation 

checkpoints measured by GNSS LEICA C15 in and around the study area. A total of 67 points were 

measured. The LiDAR DTM elevations and field measured elevations strongly correlated with an r-value of 

Figure 3-5. UAV DSM, DTM and CHM of medium dense canopy block 

Figure 3-6. UAV DSM, DTM and CHM of dense canopy block 

Figure 3-5. UAV DSM, DTM and CHM of dense canopy block 

Figure 3-6. UAV DSM, DTM and CHM of medium dense canopy block 
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0.95 and RMSE of 0.25m. The location of random checkpoints are given in Figure 3-7, and the scatter plot 

is shown in Figure 3-8 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Tables 3-2 and 3-3 provide the 100 random point elevation descriptive statistics in dense and medium dense 

canopy blocks. The mean elevation values of the generated 100 random points in the dense block from 

LiDAR, UAV nadir, and UAV oblique DTMs were 51.37m, 53.36m, and 53.95m, respectively. In the 

medium dense block, the mean elevation values of random points from LiDAR, UAV nadir, and UAV 

oblique DTMs were 50.08m, 50.32m, and 50.41m, respectively.  

 

The mean elevation value from LiDAR DTM was lower than the mean elevations from UAV DTMs in the 

dense canopy block (Table 3-2), whereas in the medium dense canopy block difference in the elevation means 
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Figure 3-8. Scatter plot of elevation from LiDAR DTM and GNSS checkpoints 

Figure 3-7. Location of elevation checkpoints 
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was very small (Table 3-3). However, there was a clear difference in the maximum elevation values between 

LiDAR DTMs and UAV DTMs in both the canopy density blocks. Figures 3-9 show the distribution of 

random points in dense and medium dense canopy blocks. Histograms of 100 random points elevation in 

dense and medium dense canopy blocks from LiDAR, UAV nadir, and UAV oblique DTMs are given in 

Appendix 5.   

 

 
Table 3-2. Descriptive statistics of elevation of random points in dense canopy block 

 Count Mean Std. Deviation Minimum Maximum 

LiDAR elevation 100 51.37 0.73 49.56 52.93 

UAV Nadir elevation 100 53.36 1.89 50.41 59.73 

UAV Oblique elevation 100 53.95 2.92 50.25 66.66 

 
Table 3-3. Descriptive statistics of elevation of random points in medium dense canopy block  

Count Mean Std. Deviation Minimum Maximum 

LiDAR elevation 100 50.08 0.59 48.67 51.56 

UAV Nadir elevation 100 50.32 0.64 48.52 53.00 

UAV Oblique elevation 100 50.41 0.67 48.83 52.28 

3.3.1. UAV nadir DTM and LiDAR DTM 

From the simple linear relationship established between the elevations from UAV nadir DTM and LiDAR 

DTM, the R2  values for dense and medium dense canopy blocks were 0.02 and 0.65, respectively. The 

RMSE values calculated for elevations in dense and medium dense canopy blocks were 2.77m (5.39%) and 

0.45m (0.90%). In both canopy blocks, the UAV nadir DTM tends to overestimate the elevation with a bias 

of 1.99m in the dense canopy and 0.23m in the medium dense canopy. The scatter plots are given in Figure 

3-10, and the regression statistics are given in Table 3-4. 

 
Table 3-4. Regression statistics of elevation from UAV nadir and LiDAR DTM 

 
r R Square RMSE RMSE% Bias Bias% 

Dense canopy 0.13 0.02 2.77 5.39 1.99 3.87 

Medium dense canopy 0.80 0.65 0.45 0.90 0.23 0.46 

Figure 3-9. Distribution of generated random points in different canopy blocks 
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3.3.2.  UAV oblique DTM and LiDAR DTM 

The R2 values of the simple linear regression between the elevations from UAV oblique DTM and LiDAR 

DTM for dense and medium dense canopy blocks were 0.02 and 0.50, respectively. The RMSE values 

calculated for elevations in dense and medium dense canopy blocks were 3.87m (7.54%) and 0.59m (1.17%). 

In both the canopy density blocks, the UAV oblique DTM tends to overestimate the elevation. The bias 

was 2.58m in the dense canopy and 0.33m in the medium dense canopy block. The scatter plots are given 

in Figure 3-11, and the regression statistics are given in Table 3-5. 

 
Table 3-5. Regression statistics of elevation from UAV oblique and LiDAR DTM  

r R Square RMSE RMSE% Bias Bias% 

Dense canopy 0.14 0.02 3.87 7.54 2.58 5.02 

Medium dense canopy 0.70 0.50 0.59 1.17 0.33 0.66 

3.3.3. DTM hypothesis testing 

One-way ANOVA and Tucky HSD test at 95% confidence interval were used to answer research hypothesis 

one, which deals with testing if there is a significant difference between the UAV nadir, UAV oblique, and 

LiDAR DTMs. 

 

In dense and medium dense canopy blocks, the results of One-way ANOVA showed a significant difference 

in the means of elevation (p<0.05). Tucky HSD post hoc follow-up test showed a significant difference 

Figure 3-10. Scatter plot of elevation from UAV nadir DTM and LiDAR DTM 

Figure 3-11. Scatter plot of elevation from UAV oblique DTM and LiDAR DTM 
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between the means of elevation from LiDAR DTM and UAV nadir DTM (p<0.05) and between LiDAR 

DTM and UAV oblique DTM (p<0.05) in both dense and medium dense canopy blocks. However, there 

was no significant difference between elevation means from UAV nadir and UAV oblique DTM (p>0.05) 

in both dense and medium dense canopy blocks. Appendix 6 provides the results of the One-way ANOVA 

and Tukey HSD post hoc test. 

3.4. Tree height 

The mean values of tree heights extracted from LiDAR CHMs, and UAV CHMs are shown in bar graphs 

given in Figure 3-12. A large difference is observed between the mean values of LiDAR tree height and UAV 

tree height in the dense canopy block, whereas the difference is small in the medium dense canopy block 

(Figure 3-12). The descriptive statistics of tree heights from LiDAR CHMs, UAV nadir CHMs, and UAV 

oblique CHMs in different canopy density blocks are given in Table 3-6, 3-7, and 3-8. Histograms of tree 

heights in dense and medium dense canopy blocks from different LiDAR, UAV nadir, and UAV oblique 

CHMs are given in Appendix 7 and 8. 

 

 
Table 3-6. Descriptive statistics of tree height from LiDAR CHMs in different canopy density blocks 

Canopy Density LiDAR CHM Count Mean Std. Deviation Minimum Maximum 

Dense 
CHM50cm 113 24.85 3.24 15.40 34.59 

CHM1m 113 23.68 3.46 15.09 33.19 

Medium dense 
CHM50cm 171 22.96 3.91 11.81 36.51 

CHM1m 171 21.59 3.98 12.31 34.78 

 

 

Figure 3-12. Bar graphs of tree height means from LiDAR CHMs and UAV CHMs 
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Table 3-7. Descriptive statistics of tree height from UAV nadir CHMs in different canopy density blocks 

Canopy 

Density 

UAV Nadir 

CHM 

Count Mean Std. 

Deviation 

Minimum Maximum 

Dense 

CHM22cm 113 16.78 5.35 5.56 28.35 

CHM50cm 113 16.65 5.40 5.56 28.26 

CHM1m 113 16.54 5.38 4.82 27.86 

Medium dense 

CHM22cm 171 20.98 4.54 7.68 33.57 

CHM50cm 171 20.94 4.54 7.25 33.35 

CHM1m 171 20.75 4.57 6.21 32.83 

 
 
Table 3-8. Descriptive statistics of tree height from UAV oblique CHMs in different canopy density blocks 

Canopy 

Density 

UAV Oblique 

CHM 
Count Mean 

Std. 

Deviation 
Minimum Maximum 

Dense 

CHM22cm 113 16.16 5.71 4.29 28.42 

CHM50cm 113 16.05 5.72 4.29 28.42 

CHM1m 113 15.89 5.71 4.30 28.34 

Medium dense 

CHM22cm 171 21.18 4.87 7.27 34.85 

CHM50cm 171 21.13 4.87 7.10 34.84 

CHM1m 171 20.94 4.92 5.88 34.37 

3.5. Tree height accuracy assessment 

The second research question of this study is: How accurate are the tree heights derived from UAV-Nadir 

CHM and UAV-Oblique CHM under dense and medium dense canopy compared to LiDAR CHM?  

 

To answer this research question, the accuracy assessment was performed by comparing the tree heights 

extracted from UAV nadir CHMs and UAV oblique CHMs of different resolutions with the tree heights 

extracted from LiDAR CHMs. The results are presented in the following sections. 

3.5.1. UAV nadir tree height and LiDAR tree height 

The different scenarios considered for tree height comparison in both the dense and medium dense canopy 

blocks are UAV CHM22cm vs LiDAR CHM50cm, UAV CHM50cm vs LiDAR CHM50cm, and UAV CHM1m vs 

LiDAR CHM1m. The scatter plots are given in Figure 3-13, and the regression statistics are given in Table 3-

9. Based on the r and R2 values, a poor correlation is observed between the tree heights from UAV nadir 

CHMs and LiDAR CHMs in the dense canopy block. In contrast, in the medium dense canopy block, the 

correlation improved. However, between the fine resolutions of 22cm and 50cm, a very small difference is 

observed between the regression statistics and estimated errors in both canopy density blocks. In addition 

to that, the tree heights were underestimated by the UAV nadir CHMs in both the canopy density blocks, 

with a large bias observed in the dense canopy block.  
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Table 3-9. Regression statistics of tree heights comparison between different UAV nadir CHMs and LiDAR CHMs 

  r R2  RMSE RMSE% Bias Bias% 

Dense 

canopy 

UAV CHM22cm vs LiDAR CHM50cm 0.43 0.18 9.45 38.02 -8.07 -32.48 

UAV CHM50cm vs LiDAR CHM50cm 0.44 0.19 9.56 38.46 -8.19 -32.97 

UAV CHM1m vs LiDAR CHM1m 0.59 0.35 8.35 33.61 -8.31 -33.43 

Medium 

dense 

canopy 

UAV CHM22cm vs LiDAR CHM50cm 0.79 0.62 3.43 14.93 -1.98 -8.62 

UAV CHM50cm vs LiDAR CHM50cm 0.79 0.62 3.46 15.05 -2.03 -8.83 

UAV CHM1m vs LiDAR CHM1m 0.77 0.60 3.03 14.05 -0.84 -3.89 

Figure 3-13. Scatter plots of tree heights comparison between different UAV nadir CHMs and LiDAR CHMs 
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3.5.2. UAV oblique tree height and LiDAR tree height 

A linear relationship was established, and tree heights from UAV oblique CHMs were compared with tree 

heights from LiDAR CHMs under three different scenarios, as mentioned in section 3.5.1. The scatter plots 

are given in Figure 3-14, and the regression statistics are given in Table 3-10. The r and R2 values from Table 

3-10 prove that in the dense canopy block, the UAV oblique tree heights had a very poor relationship with 

the reference LiDAR tree heights for all three scenarios. In addition to that, the estimated error (RMSE and 

bias) was also higher for the trees in dense canopy block, with tree heights being underestimated. Whereas 

in the medium dense canopy block, improved correlation (r and R) was observed between the tree heights 

from UAV oblique CHMs and LiDAR CHMs. The RMSE and bias were also comparatively lower than the 

dense canopy block. 

 

Figure 3-14. Scatter plots of tree heights comparison between different UAV oblique CHMs and LiDAR CHMs 
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Table 3-10. Regression statistics of tree heights comparison between different UAV oblique CHMs and LiDAR CHMs 

  r R2  RMSE RMSE% Bias Bias% 

Dense 

canopy 

UAV CHM22cm vs LiDAR CHM50cm 0.39 0.15 10.20 41.03 -8.07 -34.98 

UAV CHM50cm vs LiDAR CHM50cm 0.40 0.16 10.28 41.38 -8.80 -35.41 

UAV CHM1m vs LiDAR CHM1m 0.53 0.28 9.17 36.90 -8.96 -36.06 

Medium 

dense 

canopy 

UAV CHM22cm vs LiDAR CHM50cm 0.76 0.57 3.65 15.90 -1.78 -7.76 

UAV CHM50cm vs LiDAR CHM50cm 0.76 0.57 3.67 15.99 -1.83 -7.98 

UAV CHM1m vs LiDAR CHM1m 0.75 0.56 3.34 15.47 -0.65 -3.02 

 

3.5.3.  Tree height hypothesis testing 

Research hypothesis two of this study deals with testing if there is a significant difference between the tree 

heights derived from UAV-Nadir, UAV-Oblique, and LiDAR CHMs. One-way ANOVA and Tucky HSD 

test at 95% confidence interval was used to test the hypothesis. The tests were conducted for three different 

scenarios, where they compared means of tree heights extracted from 

1. UAV nadir CHM22cm, UAV oblique CHM22cm, and LiDAR CHM50cm 

2. UAV nadir CHM50cm, UAV oblique CHM50cm, and LiDAR CHM50cm 

3. UAV nadir CHM1m, UAV oblique CHM1m, and LiDAR CHM1m 

The results of the One-way ANOVA and Tucky HSD test are given in Appendix 9, 10, and 11, and the 

conclusions drawn from the results are summarised in Table 3-11 for dense canopy block and Table 3-12 for 

medium dense canopy block 

 

Table 3-11. Results of statistical testing comparing tree heights in the dense canopy block 

 Scenario 1 Scenario 2 Scenario 3 

UAV Nadir TH vs LiDAR TH Different* Different* Different* 

UAV Oblique TH vs LiDAR TH Different* Different* Different* 

UAV Nadir TH vs UAV Oblique TH Not Different** Not Different** Not Different** 

*Significantly different where p<0.05 

**Significantly not different where p>0.05 

 

Table 3-12. Results of statistical testing comparing tree heights in the medium dense canopy block 

 Scenario 1 Scenario 2 Scenario 3 

UAV Nadir TH vs LiDAR TH Different* Different* Not Different** 

UAV Oblique TH vs LiDAR TH Different* Different* Not Different** 

UAV Nadir TH vs UAV Oblique TH Not Different** Not Different** Not Different** 

*Significantly different where p<0.05 

**Significantly not different where p>0.05 

 

The statistical test results summarized in Table 3-11 show that in the dense canopy block, resampling the 

spatial resolution from finer 22cm to 50cm or from 50cm to coarser 1m resolution did not have any effect 

on tree heights extracted. Whereas in medium dense canopy block (Table 3-12), resampling from finer 50cm 

to coarser 1m resolution did affect the tree heights extracted. However, there was no significant difference 

between tree heights extracted from UAV nadir CHMs and UAV oblique CHMs in both dense and medium 

dense canopy blocks in all the scenarios.  
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3.6. DBH model development and validation 

Research question three of this study is: How accurate is the DBH modeled using tree parameters extracted 

from UAV-Nadir images and UAV-Oblique images under dense and medium dense canopy compared to 

field-measured DBH? 

 

To answer this research question, the best trees that were recognizable on orthophoto were selected from 

each canopy density block, and outliers were ignored. The trees that were partially seen on orthophoto and 

the trees with huge CPA but small DBH (due to field measurement errors) were considered outliers. A total 

of 100 trees in dense canopy block and 144 trees in medium dense canopy block were selected. They were 

divided into 60:40 for model building and validation. 

3.6.1. UAV nadir model development 

In dense canopy block, 60 trees (60% of the total trees considered) were used to model DBH. Among the 

different regression models and predictors used, the Quadratic model (y = -0.0011x2 + 0.4978x + 20.057) 

with CD*TH as predictors performs better in the dense canopy (higher R2 and lower RMSE). It explains 

about 54% of the variance in the DBH (R2 = 0.54, RMSE = 11.36cm).  

 

In the medium dense canopy block, 86 trees (60% of total trees) were used to develop the model. The 

quadratic model with CD*TH as predictors performed better by explaining about 80% of DBH variance 

(R2 = 0.8 and RMSE = 3.77cm). Summary of different models used to predict the DBH using UAV nadir 

derived parameters in dense and medium dense canopy blocks are given in Table 3-13 and Appendix 12. The 

scatter plots of the parameter (TH*CD) used and field-measured DBH in different canopy density blocks 

are given in Figure 3-15, and the regression statistics are given in Table 3-14.  

 
Table 3-13. DBH model development using UAV nadir derived parameters in different canopy density blocks 

 Predictor (X) Model Equation R2 RMSE 

Dense 
canopy 

CPA Linear y = 0.3703x + 28.825 0.52 11.68 

CD Linear y = 9.1869x + 12.757 0.53 11.56 

TH Linear y = 1.7199x + 18.423 0.32 13.88 

CD*TH Linear y = 0.3418x + 24.33 0.53 11.48 

CD*TH Logarithmic y = 16.991ln(x) - 20.847 0.50 11.84 

CD*TH Quadratic y = -0.0011x2 + 0.4978x + 20.057 0.54 11.36 

CD*TH Power y = 8.5864x0.4087 0.53 11.56 

Medium 
dense 

canopy 

CPA Linear y = 0.6402x + 21.139 0.71 4.60 

CD Linear y = 11.132x + 6.8908 0.72 4.50 

TH Linear y = 1.5619x - 0.2863 0.47 6.16 

CD*TH Linear y = 0.3522x + 14.911 0.79 3.87 

CD*TH Logarithmic y = 19.755ln(x) - 43.382 0.77 4.03 

CD*TH Quadratic y = -0.0013x2 + 0.5241x + 9.9775 0.80 3.77 

CD*TH Power y = 3.4675x0.5749 0.79 3.80 

 

 
Table 3-14. Regression statistics of models used to predict DBH (UAV nadir) in different canopy blocks 

Canopy Density r R Square RMSE RMSE% Bias Bias% 

Dense canopy 0.73 0.54 11.36 23.92 -0.16 -0.34 

Medium dense canopy 0.89 0.80 3.77 11.33 -0.10 -0.31 
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3.6.2. UAV oblique model development 

The same trees considered earlier during UAV nadir-based model development were used for DBH model 

development using tree parameters derived from the UAV oblique dataset. In dense canopy block, the 

Quadratic model using CPA digitized from UAV oblique orthophoto as a lone predictor performed better 

in predicting the DBH. It explained about 52% of the variance in the DBH (R2 = 0.52, RMSE = 11.57cm). 

In the medium dense canopy block, the quadratic model with CD*TH as predictors performed better in 

predicting the DBH. It explained about 77% of the variance in DBH (R2 = 0.77 and RMSE = 4.08cm). 

Table 3-15 summarizes the different models used to predict the DBH in dense and medium dense canopy 

blocks. The summary of other models tested are given in Appendix 13. The scatter plots of the parameter 

used and field measured DBH in different canopy density blocks are given in Figure 3-16, and the regression 

statistics are given in Table 3-16. 

 

Table 3-15. DBH model development using UAV oblique derived parameters in different canopy density blocks 

 Predictor (X) Model Equation R2 RMSE 

Dense 
canopy 

CPA Linear y = 0.3637x + 28.73 0.51 11.73 

CPA Logarithmic y = 15.761ln(x) - 10.842 0.50 11.87 

CPA Quadratic y = -0.0011x2 + 0.5066x + 25.62 0.52 11.57 

CPA Power y = 11.155x0.3734 0.52 11.69 

CD Linear y = 9.2313x + 12.106 0.52 11.59 

TH Linear y = 1.4854x + 23.131 0.27 14.31 

CD*TH Linear y = 0.3266x + 25.733 0.50 11.82 

Medium 
dense 

canopy 

CPA Linear y = 0.632x + 20.685 0.67 4.86 

CD Linear y = 10.89x + 6.7556 0.68 4.81 

TH Linear y = 1.3959x + 2.8671 0.42 6.45 

CD*TH Linear y = 0.3484x + 14.399 0.77 4.09 

CD*TH Logarithmic y = 18.957ln(x) - 41.032 0.73 4.42 

CD*TH Quadratic y = -0.0005x2 + 0.4151x + 12.494 0.77 4.08 

CD*TH Power y = 3.6083x0.559 0.75 4.14 

 

 

 

b) Scatter plot of CD*TH and field measured 
DBH in medium dense canopy block 

a) Scatter plot of CD*TH and field measured 
DBH in dense canopy block 

Figure 3-15. Scatter plots of parameter estimated from UAV nadir dataset (CD*TH) and field-measured DBH in 
different canopy blocks 
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 Table 3-16. Regression statistics of models used to predict DBH (UAV oblique) in different canopy blocks 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.6.3. UAV nadir model validation 

In dense and medium dense canopy blocks, a total of 40 and 58 trees (40% of the total trees considered) 

were used to validate the DBH model. The Quadratic model using CD*TH as preditors was used to predict 

tree DBH in the dense (y = -0.0011x2 + 0.4978x + 20.057) and medium dense canopy blocks (y = -0.0013x2 

+ 0.5241x + 9.9775). The accuracy of the predicted DBH was assessed by comparing it with field-measured 

DBH. The R2  of the simple linear relationship established between the model predicted DBH and filed 

measured DBH in the dense and medium dense canopy blocks were 0.79 and 0.88, respectively. The RMSE 

values of the predicted DBH were 10.44cm (23.10%) and 3.78cm (10.65%), respectively, in the dense and 

medium dense canopy blocks. The models overestimated the DBH with a bias of 6.38cm in the dense 

canopy and underestimated with a bias of -0.45cm in the medium dense canopy. The scatter plots are given 

in Figure 3-17, and the regression statistics are given in Table 3-17. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Canopy Density r R Square RMSE RMSE% Bias Bias% 

Dense canopy 0.72 0.52 11.57 24.37 0.13 0.29 

Medium dense canopy 0.89 0.77 4.08 12.26 0.01 0.04 

a) Scatter plot of CPA and field measured 
DBH in dense canopy block 

b) Scatter plot of CD*TH and field measured 
DBH in medium dense canopy block 

Figure 3-16. Scatter plots of parameters estimated from UAV oblique dataset and field measured DBH in different canopy 
blocks 
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b) Scatter plot of predicted DBH and field 
measured DBH in medium dense canopy 
block 

a) Scatter plot of predicted DBH and field 
measured DBH in dense canopy block 
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Figure 3-17. Scatter plot of DBH predicted from UAV nadir validation model and field measured DBH in different 
canopy density blocks 
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 Table 3-17. Regression statistics of UAV nadir validation models in different canopy density blocks 

3.6.4.  UAV oblique model validation 

The same trees used for UAV nadir-based model validation were used for UAV oblique-based DBH model 

validation. The Quadratic model with CPA and CD*TH as a predictor was used to predict the DBH in the 

dense (y = -0.0011x2 + 0.5066x + 25.62) and medium dense canopy block (y = -0.0005x2 + 0.4151x + 

12.494), respectively. The R2  of the simple linear relationship established between the model predicted DBH 

and filed measured DBH in the dense and medium dense canopy blocks were 0.72 and 0.87, respectively. 

The RMSE values of the predicted DBH were 8.57cm (18.99%) and 3.89cm (10.95%), respectively, in the 

dense and medium dense canopy. The models overestimated the DBH with a bias of 1.26cm in the dense 

canopy and underestimated with a bias of -0.18cm in the medium dense canopy. The scatter plots are given 

in Figure 3-18, and the regression statistics are given in Table 3-18. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Table 3-18. Regression statistics of UAV oblique validation models in different canopy density blocks  

r R Square RMSE RMSE% Bias Bias% 

Dense canopy 0.85 0.72 8.58 18.99 1.26 2.79 

Medium dense canopy 0.93 0.87 3.89 10.95 -0.18 -0.49 

3.6.5. DBH hypothesis testing 

One-way ANOVA was used to answer the research hypothesis three dealing with testing if there is a 

significant difference between the DBH modeled from UAV-Nadir and UAV-Oblique derived tree 

parameters and field-measured DBH. In dense and medium dense canopy blocks, the One-way ANOVA 

test showed no significant difference between the means of field-measured DBH and DBH predicted using 

parameters estimated from the UAV nadir dataset and UAV oblique dataset (p>0.05). The One-way 

ANOVA test results for dense and medium dense canopy blocks are given in Appendix 14.  

 
r R Square RMSE RMSE% Bias Bias% 

Dense canopy 0.89 0.79 10.44 23.10 6.38 14.11 

Medium dense canopy 0.94 0.88 3.78 10.65 -0.45 -1.27 
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a) Scatter plot of predicted DBH and field 
measured DBH in dense canopy block 

 

b) Scatter plot of predicted DBH and field 
measured DBH in medium dense canopy 
block 

 Figure 3-18. Scatter plot of DBH predicted from UAV oblique validation model and field measured DBH in different 
canopy density blocks 
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3.7. AGB estimation 

The AGB was calculated for 113 trees in the dense canopy block and 171 trees in the medium dense canopy 

block using the allometric equations given in Table 2-6. The LiDAR-based AGB values were estimated using 

LiDAR tree height (CHM50cm) and field measured DBH. The UAV nadir-based AGB and oblique-based 

AGB were estimated using tree heights from UAV nadir (CHM50cm) and UAV oblique (CHM50cm). The 

descriptive statistics of the AGB from different datasets in dense and medium dense canopy blocks are 

given in Table 3-19.  
 
Table 3-19. The descriptive statistics of the AGB (Mg/tree) from different datasets in dense and medium dense blocks 

Canopy 

Density 
AGB Count Mean 

Std. 

Deviation 
Minimum Maximum Sum 

Dense 

LiDAR based 113 2.03 1.51 0.22 7.37 228.89 

UAV nadir based 113 1.50 1.25 0.14 6.97 169.36 

UAV oblique based 113 1.45 1.25 0.14 7.03 164.30 

Medium 

dense 

LiDAR based 171 1.01 0.74 0.11 4.39 173.54 

UAV nadir based 171 0.94 0.69 0.06 4.16 160.91 

UAV oblique based 171 0.95 0.69 0.06 4.16 162.02 

 

In dense canopy block, the One-way ANOVA test showed that there was a significant difference between 

the means of AGB calculated using LiDAR-based, UAV nadir-based, and UAV oblique-based tree heights 

(p<0.05). Tucky HSD post hoc follow-up test revealed that there was a significant difference between 

LiDAR-based AGB and UAV nadir-based AGB (p<0.05) and between LiDAR-based and UAV oblique-

based AGB (p<0.05). However, there was no significant difference between UAV nadir-based AGB and 

UAV oblique-based AGB.  

 

One-way ANOVA test showed that there was no significant difference between the means of AGB 

calculated using LiDAR-based, UAV nadir-based, and UAV oblique-based tree heights in medium dense 

canopy block (p>0.05). The results of the statistical tests are given in Appendix 15.   

3.8. Sensitivity analysis 

Research question four of this study is: What is the effect of tree height estimation errors on AGB estimation 

under dense and medium dense canopy? 

 

 A sensitivity analysis was done in a controlled manner by selecting 30 trees in each canopy density block to 

answer this question. These trees were from all plots in each canopy density and included at least one tree 

from each species. The descriptive statistics of the selected trees from different blocks are given in Table 3-

20.  
 

Table 3-20. Descriptive statistics of selected trees AGB (Mg/tree) 

Canopy 

Density 

AGB Count Mean Std. 

Deviation 

Minimum Maximum 

Dense 

LiDAR based 30 3.23 1.56 0.27 7.07 

UAV nadir based 30 2.33 1.11 0.15 5.36 

UAV oblique based 30 2.27 1.11 0.14 5.33 

Medium 

dense 

LiDAR based 30 1.18 0.86 0.11 3.34 

UAV nadir based 30 1.09 0.78 0.13 3.06 

UAV oblique based 30 1.10 0.79 0.12 3.23 
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To assess the effect of tree height estimation errors on the AGB estimates, the tree heights extracted from 

UAV nadir (CHM50cm) and UAV oblique (CHM50cm) were inflated and deflated according to the quantified 

error (RMSE). In the dense canopy block, the tree heights extracted from UAV nadir (CHM50cm) were 

inflated and deflated by 9.56 m. The tree heights from the UAV oblique (CHM50cm) were inflated and 

deflated by 10.28 m, then the corresponding AGB was calculated. Similarly, in the medium dense block, 

UAV nadir (CHM50cm) tree heights were inflated and deflated by 3.46m, and the UAV oblique (CHM50cm) 

tree heights were inflated and deflated by 3.67m.  

 

Table 3-21 provides the mean AGB values from different datasets. There is a very small difference between 

the means of the inflated and deflated AGB in both the UAV nadir based and UAB oblique based estimates 

in the medium dense canopy block. Whereas in the dense canopy block, the difference between the inflated 

and deflated AGB is higher in both the UAV nadir and UAV oblique-based estimates.  
 
Table 3-21. Mean AGB estimated using different datasets 

 Dense canopy Medium dense canopy 

AGB (Mg/tree) AGB (Mg/tree) 

UAV nadir inflated 3.45 1.23 

UAV nadir deflated 1.20 0.95 

UAV oblique inflated 3.47 1.25 

UAV oblique deflated 1.04 0.95 

 

The variation in biomass of the 30 selected trees in dense and medium dense canopy block due to the errors 

in tree height are shown as bar graphs given in Appendix 16.  

 

The fourth research hypothesis of this study is to test if the tree height estimation errors have a significant 

effect on AGB estimates.  One-way ANOVA and Tucky HSD test were used to test this hypothesis. In the 

dense canopy, One-way ANOVA and Tucky HSD post hoc showed there was a significant difference 

between the mean values of AGB estimated using the actual UAV nadir tree height, inflated UAV nadir tree 

height, and deflated UAV nadir tree height (p<0.05). Similar results were observed while comparing the 

mean values of AGB estimated from actual UAV oblique tree height, inflated UAV oblique tree height, and 

deflated UAV oblique tree height (p<0.05) in dense canopy block. Thus proving that in dense canopy block, 

the errors in tree height estimation affect the AGB estimation.  

 

However, in the medium dense canopy block, the One-way ANOVA test showed no significant difference 

between the mean values of AGB estimated using UAV nadir tree height, inflated and deflated UAV nadir 

tree height (p>0.05), and also between actual UAV oblique tree height, inflated and deflated UAV oblique 

tree heights (p>0.05). Thus, the errors in tree height estimation do not affect AGB estimation in the medium 

dense canopy block. The results of statistical tests are presented in Appendix 17. 
  

 



ASSESSING THE EFFECT OF UAV OBLIQUE IMAGING ON TREE PARAMETER ACCURACY – A STUDY IN HAAGSE BOS, THE NETHERLANDS 

 

37 

4. DISCUSSION 

4.1. Field measured DBH 

The DBH measured during fieldwork for this study is right-skewed in both the dense canopy (skewness: 

0.73) and medium dense canopy (skewness: 0.65). The skewness could be because during fieldwork trees 

with DBH less than 10cm were not measured as they do not contribute significantly to AGB estimation 

(Brown, 1997).  

 

The average DBH (46.06cm) in the dense block is higher than the average DBH (33.74cm) in the medium 

dense block. The reason for the variation in average DBH could be the difference in species predominance, 

and ground truth data collection standards followed. The dense block was characterized by mature 

deciduous trees with interlocking tree crowns, and only huge trees that were visible on orthophoto were 

measured within the sample plot. Whereas young coniferous trees planted at intervals characterized the 

medium dense block, and almost all trees were sampled within the plot as they were visible on orthophoto. 

The selective measurement in the dense block could also be the reason for higher skewness in the dense 

block when compared to the medium dense block.  

4.2. DTM accuracy  

The first objective of this study was to assess the accuracy of DTM built from UAV nadir and UAV oblique 

data set, and the DTM from airborne LiDAR was used as a reference. Crespo-Peremarch, Torralba, 

Carbonell-Rivera, and Ruiz (2020), in their study, also assessed the accuracy of DTM generated from 

different data sources. They reported that the DTM generated from ALS data is the most accurate and 

closely resembles reality. Similar results were observed in this study when the LiDAR DTM was validated 

with 3D coordinates from GNSS (r = 0.95, R2 = 0.9, RMSE = 0.25m). It is also important to note that the 

LiDAR data used in this study were acquired in the leaf-off season (February 2019), which also contributed 

to the improved accuracy of LiDAR DTM. Similar results were observed in the study by Simpson, Smith, 

and Wooster (2017), where they compared leaf-on and leaf-off LiDAR DTM with field measured elevation 

values (leaf-off DTM RMSE = 0.22m). 

 

Crespo-Peremarch et al. (2020) stated that the canopy density influences the accuracy of DTM generated 

from the UAV SfM model. Under a dense canopy, the DTM is subjected to large errors. In their study under 

a dense canopy, the RSME of UAV DTM generated ranged between 1.5m to 7m. Similar results were 

observed in this study also where the RMSE (RMSE%) of UAV DTM generated from the nadir and oblique 

data sets in dense canopy block were 2.77m (5.39%) and 3.87m (7.54%). Crespo-Peremarch et al. (2020) 

and Wallace et al. (2016) stated that the accuracy of UAV DTM improves under sparse vegetation, and 

similar results are observed in this study. The RMSE of UAV nadir DTM and UAV oblique DTM in medium 

dense canopy block was lower than that in dense canopy block (Table 3-4 and 3-5). In this study, the UAV 

nadir and UAV oblique DTM overestimated the elevation in both the dense and medium dense canopy. 

The bias was higher for dense canopy block when compared to medium dense canopy block (Table 3-4 and 

3-5).  

 

The main reason for high RMSE and bias in the dense block is the limited ground surface visibility and the 

interpolation that caused overestimation. While generating the DTM, the gaps in the ground surface under 

a tree canopy are interpolated from the neighboring pixels (Kosmatin Fras, Kerin, Mesarič, Peterman, & 

Grigillo, 2016). The accuracy of the interpolated DTM is influenced by the number, distribution, and quality 

of pixels considered (Gosciewski, 2013). The dense canopy block in this study is characterized by 

interlocking tree crowns and dense understory vegetation, thus limiting the UAV from imaging the actual 
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ground. Consequently, a very small number of points that represented the ground is used for DTM 

interpolation. In addition to that, the understory vegetation in the dense canopy block influenced the 

elevation values of ground points. Therefore neighboring pixels considered for interpolation had higher 

elevation, leading to overestimating DTM elevation (Mlambo et al., 2017; Wallace et al., 2016).  

 

Table 4-1 shows the total number of ground points considered to interpolate DTM and ground points per 

square meter in dense and medium dense canopy blocks. The points per square meter in dense canopy block 

(Nadir: 9 points/m2 and Oblique: 7 points/ m2) is lower than the medium dense canopy block (Nadir: 30 

points/m2 and Oblique: 27 points/ m2) in both the UAV nadir and UAV oblique 3D point cloud.  Figure 4-

1 shows the distribution of ground points from UAV nadir and oblique SfM 3D point cloud considered for 

DTM interpolation. From Figure 4-1, it is clear that there are considerable huge gaps in the dense canopy 

block, whereas the gaps are comparatively small in the medium dense block, thereby producing higher 

RMSE and bias in dense canopy block and lower RMSE and bias in the medium dense block. Similar results 

were observed in the study by Obeng-Manu (2019), where the author compared the accuracy of UAV DTM 

under open, medium, and dense canopy conditions and concluded that the number of ground points in the 

dense canopy was lower and resulted in higher RMSE.  

 
Table 4-1. Ground points considered for DTM interpolation in different canopy density blocks   

UAV nadir point cloud UAV oblique point cloud 

Dense Canopy 
Total Points 948297 708512 

Points / m2 9 7 

Medium dense 
canopy 

Total Points 2904319 2659278 

Points / m2 30 27 

 

In this study, the accuracy of UAV oblique DTM was lower than the accuracy of UAV nadir DTM for both 

the dense and medium dense canopy blocks (Table 3-4 and 3-5). This can be attributed to the difference in 

the number of ground points considered for DTM interpolation from UAV nadir and oblique point cloud 

(Table 4-1). Even though the total number of 3D densified points in the oblique point cloud was higher than 

that of the nadir point cloud (Appendix 2), the number of ground points in the UAV oblique point cloud is 

less than the number of ground points in UAV nadir point cloud. The difference in ground point may be 

attributed to the classification algorithm used by Pix4Dmapper. Pix4Dmapper uses machine learning 

algorithms to classify points in the 3D point cloud to various classes. Features like the color (point and 

neighborhood color) and geometry (vertical height range, height below, height above, and covariance) are 

used to classify points (Becker, Rosinskaya, Häni, D’Angelo, & Strecha, 2018; “How to generate the point 

cloud classification – Support,” 2021). In this case, the information about the forest structures from oblique 

images might have influenced the 3D point cloud classification, subsequently affecting the number of 

classified ground points.  

 

The results of this study contradicted the results of the study by Meinen and Robinson (2020). Meinen and 

Robinson (2020) compared the accuracy of surface models built from UAV SfM incorporating oblique 

images and nadir images in combination and concluded that incorporating oblique images improved the 

accuracy of surface models. However, it is to be noted that the study of Meinen and Robinson (2020) was 

carried out in an agricultural terrain, and oblique images were acquired at both east and west-facing 

directions. Whereas this study was carried out in a forest with different canopy densities and, the oblique 

images were acquired in only an east-facing direction. Nevertheless, the statistical analysis proved no 

significant difference between mean elevation from UAV nadir and UAV oblique DTM in both the dense 

and medium dense canopy block.  
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4.3. Tree height accuracy 

The second objective of this study is to assess the accuracy of tree heights from UAV nadir and oblique 

datasets. In dense canopy block, the tree heights derived from both the UAV nadir and UAV oblique CHMs 

of three different spatial resolutions showed a very poor correlation with LiDAR CHM and had high RMSE 

(Table 3-9 and 3-10). The accuracy of tree height in the medium dense canopy block from the UAV nadir 

and oblique CHMs were higher than the dense canopy block (Table 3-9 and 3-10). One of the main reasons 

for the high RMSE and poor correlation in the dense block is the poor quality of DTM generated (Iizuka et 

al., 2017). The accuracy of DTM plays a crucial role in the accuracy of tree height extracted from CHM 

(Fawcett et al., 2019). The errors from the DTM have propagated to the CHM, thus causing the higher 

RMSE in tree heights in the dense block. The error propagation is also evident through the tree height bias 

calculated (Table 3-9, 3-10). The tree heights in both the dense and medium dense blocks were 

underestimated, whereas the elevation from DTMs where overestimated.  

 

This study's tree height accuracy is lower than the other studies that used UAV nadir data. (Birdal et al., 

2017; Iizuka et al., 2017; Krause et al., 2019; Moe et al., 2020). It is important to note that Birdal et al. (2017) 

conducted the study in an open urban forest and compared the tree heights to field measurements. Krause 

et al. (2019) used a lower UAV flying height than the flying height used in this study, resulting in higher 

point cloud density and higher spatial resolution, and Moe et al. (2020) normalized the UAV DTM with 

Figure 4-1. Map showing ground points from UAV nadir and oblique 3D point cloud used for DTM generation 
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LiDAR DTM. The outlined difference in methods used and complexity of forest canopy could have caused 

the variations in the results produced.  

 

In both dense and medium dense canopy blocks, it is observed that resampling the spatial layers to a coarser 

1m resolution affects the accuracy of tree height extracted. In both the dense and medium dense canopy 

block, at 1m resolution, the RMSE of extracted tree heights was reduced (Table 3-9, 3-10). In addition to 

that, in the medium dense block, at 1m spatial resolution, the statistical analysis showed no significant 

difference between the tree heights extracted from UAV CHM (nadir and oblique) and LiDAR CHM. The 

reason for reduced RMSE could be the smoothing effect (extreme values smoothened) due to resampling.  

 

There was no significant difference between the tree height extracted from the UAV nadir CHMs and UAV 

oblique CHMs in dense and medium dense canopy blocks. This is also because the DTMs generated from 

UAV nadir and oblique datasets did not differ significantly. No study was found that compared the UAV 

nadir derived tree heights and UAV oblique derived tree heights under different forest canopy densities. 

However, Lin et al. (2018) and  Zhou and Zhang (2020) used UAV oblique images to estimate tree heights 

in their respective studies. Both the studies reported a good correlation (R2 ranging between 0.8 to 0.9) 

between field-measured tree height and tree height extracted from UAV oblique CHM. Lin et al. (2018) 

carried out their study in a sparse coniferous stand, and oblique images were acquired at 70 degrees view 

angle (20 degrees tilt off-nadir). Lin et al. (2018) attributed the good correlation they achieved to the low 

canopy density of the study area. Zhou and Zhang (2020) used images acquired at nadir and five different 

oblique angles to study plantation forests and normalized the point cloud with the ALS point cloud. From 

the results of this study and the studies by Lin et al. (2018) and Zhou & Zhang (2020), it is clear that the 

accuracy of tree heights extracted from UAV oblique datasets depends on the structural complexity of the 

forest and the choice of the oblique view angle.  

4.4. Tree DBH estimation 

The third objective of this study is to assess the accuracy of DBH modeled using tree parameters like CPA, 

CD, and tree height derived from UAV nadir and oblique datasets. Iizuka et al. (2017) stated that the models 

using crown parameters like CPA and CD as predictors perform better than the models using tree height as 

a lone predictor. Similar results were observed in this study in both the dense and medium dense canopy 

blocks. The R2 of the model using CPA or CD as a predictor was greater than the R2 of the model using 

tree height as a lone predictor (Table 3-13, 3-15 and Appendix 12, 13).  

 

Jucker et al. (2017), in their study, used tree height and CD as a compound variable (TH*CD) to predict 

DBH and found that the TH*CD model performed better than the model that used tree height or CD as a 

lone predictor. One of the reasons for the poor performance of the tree height-DBH model could be the 

difficulty in estimating tree height from the UAV dataset due to the uncertainties in the interpolated surface 

models (Iizuka et al., 2017). Another reason could be that the tree height is influenced by neighborhood 

competition. The trees tend to grow faster to compete for sunlight at an early stage, whereas the DBH grows 

throughout its life span, resulting in trees of similar heights having different DBH. Therefore using tree 

height as a lone predictor becomes a problem in DBH modeling (Iizuka et al., 2017; Jucker et al., 2017; 

King, 2005). Jucker et al. (2017) stated that while modeling DBH using the compound product TH*CD, 

CD played an essential role in differentiating trees having the same height but different DBH, thereby 

improving the model accuracy.   

 

In the medium dense block, for both the UAV nadir and UAV oblique datasets, the model with TH*CD 

performed better (Table 3-13 and 3-15). In the dense block of this study, TH*CD proved to be better 

predictors of DBH for the UAV nadir dataset (Table 3-13). Whereas for the UAV oblique dataset in the 
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dense block, CPA performed better in predicting DBH (Table 3-15). The reason could be the large error 

associated with tree heights extracted from UAV oblique CHM (RMSE = 10.28m). In addition to that, the 

crown diameter was calculated using Eq (9), assuming the crowns to be a circle. However, as mentioned 

earlier, the dense block had trees with interlocking crowns, which may have affected the tree crown’s lateral 

expansion and made the crown shapes elongated. Therefore generalizing them to be circles and calculating 

the crown diameter may have added to the error. Also, few deciduous trees like common ash and oak with 

interlocking tree crowns were challenging to delineate from orthophoto. Those trees affected the DBH 

modeling accuracy in the dense canopy block (Figure 3-15a, 3-16a). Nevertheless, the statistical analysis of 

this study proves that there is no significant difference between the DBH estimated using UAV-derived 

parameters and field-measured DBH in both the dense and medium dense canopy (Appendix 14). 

 

Another important thing to note is that for some isolated coniferous trees, the crown edges were observed 

better in UAV oblique orthophoto. Whereas for deciduous trees, not much notable difference was observed. 

Figure 4-2 shows the difference in crown between UAV nadir orthophoto and UAV oblique orthophoto. 

However, statistical tests show no significant difference between the CPA from nadir orthophoto and 

oblique orthophoto in both the canopy densities (Appendix 18).  

 

 

Figure 4-2. Difference in crown between UAV nadir and oblique orthophoto 
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4.5. Effect of tree height error on AGB 

The fourth objective of this was to verify whether the errors in the tree height estimated from UAV nadir 

and UAV oblique CHM affect the AGB estimation under different canopy densities. The sensitivity analysis 

was carried out by inflating and deflating the tree heights based on the estimated tree height errors. In the 

dense block, the statistical analysis showed that there was a significant difference in the means of AGB 

estimated using inflated and deflated tree heights. Thus proving that the errors in UAV nadir and oblique 

tree heights affected the AGB estimated in the dense block. This can be attributed to poor DTM accuracy 

(Nadir DTM RMSE= 2.77m and Oblique DTM RMSE = 3.87m). The error in interpolated DTM has 

indeed propagated to the tree height estimated. Since tree height was one of the input parameters of the 

allometric equation used for AGB estimation, the error in the tree height subsequently affected the AGB 

estimation. From the graphs in Appendix 16, it can be observed that the variation in AGB is higher for big 

trees with high DBH, and the difference is smaller for trees with small DBH. 

 

Whereas in the medium dense block, the statistical analysis showed that there was no significant difference 

between the means of the AGB estimated using inflated and deflated tree heights. It can be attributed to 

the improved accuracy of the interpolated DTM in the medium dense block (Nadir DTM RMSE= 0.45m 

and Oblique DTM RMSE = 0.59m). The accuracy of both the UAV nadir and oblique DTM in the medium 

dene block was higher than the dense block, and so was the accuracy of the tree height. Though there was 

error propagation in the medium dense block, it did not significantly affect the accuracy of AGB estimation.  

4.6. Limitations 

One of the study's major limitations is the species mix in the study area. The canopy density blocks identified 

in this study area did not have a good mix of deciduous and coniferous tree species. The dense block was 

predominantly deciduous, and the medium dense block was predominantly coniferous. Therefore, this study 

could not investigate the species-specific impact of incorporating oblique images in the SfM model under 

different canopy densities.  

 

In addition to that, the oblique images were acquired at 75 degrees east-facing angle only due to time 

constraints. Acquiring the oblique images in both the east and west-facing direction might improve the 

accuracy of the point cloud. Also, other oblique angles were not tested in this study.  

 

In this study, the CPA was manually digitized. Even though manual digitization is considered to be the most 

accurate method, there are chances of judgemental errors due to human bias. Especially in the dense block 

with interlocking tree crowns, identifying a particular field sampled tree, and its exact crown was challenging.  

 

The crown diameter was calculated using the formula in equation 9, assuming it to be a circle. However, in 

most cases in the dense block, crowns were elongated. The accuracy of the crown diameter was not assessed 

in this study.  

  



ASSESSING THE EFFECT OF UAV OBLIQUE IMAGING ON TREE PARAMETER ACCURACY – A STUDY IN HAAGSE BOS, THE NETHERLANDS 

 

43 

5. CONCLUSION AND RECOMMENDATIONS 

5.1. Conclusion 

This study assessed the effect of UAV oblique imaging on the tree parameter accuracy in the dense and 

medium dense canopy. The accuracy of tree parameters extracted from the UAV oblique dataset built by 

incorporating oblique images and nadir images in SfM did not vary significantly when compared with the 

accuracy of tree parameters extracted from UAV nadir only datasets. The answers to the research questions 

of this study are presented below. 

 

1) What is the accuracy of DTM generated from UAV-Nadir images and UAV-Oblique images 

under dense and medium dense canopy compared to LiDAR DTM? 

• The RMSE of UAV nadir DTM and oblique DTM in the dense canopy block is 2.77m and 3.87m 

• The RMSE of UAV nadir DTM and oblique DTM in the medium dense canopy block is 0.45m 

and 0.59m 

• The result of the statistical analysis proved there was no significant difference between elevation 

means from UAV nadir and UAV oblique DTM (p>0.05) in both dense and medium dense canopy 

blocks 

 

2) How accurate are the tree heights derived from UAV-Nadir CHM and UAV-Oblique CHM 

under dense and medium dense canopy compared to LiDAR CHM? 

• The RMSE of tree height from UAV nadir CHM22cm and oblique CHM22cm in the dense canopy 

block is 9.45m and 10.20m 

• The RMSE of tree height from UAV nadir CHM22cm and oblique CHM22cm in the medium dense 

canopy block is 3.43m and 3.65m 

• The result of the statistical analysis proved there was no significant difference between tree heights 

extracted from UAV nadir CHM and oblique CHM (p>0.05) in both dense and medium dense 

canopy blocks 

 

3) How accurate is the DBH modeled using tree parameters extracted from UAV-Nadir images 

and UAV-Oblique images under dense and medium dense canopy compared to field-measured 

DBH? 

• The RMSE of DBH models from UAV nadir derived tree parameters, and UAV oblique derived 

tree parameters in the dense canopy block is 8.39cm and 8.74cm 

• The RMSE of DBH models from UAV nadir derived tree parameters, and UAV oblique derived 

tree parameters in the medium dense canopy block is 3.78cm and 3.89cm 

• The result of the statistical analysis proved there was no significant difference between DBH 

modeled from UAV nadir derived tree parameters, and UAV oblique derived tree parameters  

(p>0.05) in both dense and medium dense canopy blocks 

 

4) What is the effect of tree height estimation errors on AGB estimation under dense and medium 

dense canopy? 

• The statistical analysis proved that the tree height estimation errors affected the AGB estimated in 

the dense canopy block. Whereas in the medium dense block, the tree height estimation errors did 

not affect the AGB estimated. 
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5.2. Recommendation 

From the results of this study, few points to be considered for future research are 

• Incorporating oblique images acquired at both east and west-facing directions in the SfM workflow 

• Since in this study, the crowns of isolated trees were observed better in UAV oblique orthophoto, 

there is a potential in testing the method of incorporating oblique imaging in the SfM model in an 

open-canopy forest 

• For this study, the crown segmentation was done by manual digitization. However, several studies 

have used segmentation methods like multiresolution segmentation, region growing, inverse 

watershed segmentation, etc. These segmentation methods can also be tested for CPA delineation 

from UAV nadir and oblique datasets.   
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APPENDICES 

Appendix 1. Data entry sheet used during field data collection 

 

The data entry sheet for tree parameters in Haagse Bos 

Observer name:   Date:  Plot No:  

Central point Logitude (X): Latitude (Y): 

Canopy Density 
Center North South East West Average 

            

General 
comment: 

  

 

Tree  
No 

Species 
DBH 
(m) 

Height 
(m) 

Crown diameter 
(m) 

Tree position 

Comment 

 

N-S W-E 

Distance 
from 

centre 
point 
(m) 

Compass 
bearing 

(degrees) 
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Appendix 2: Summary of quality report of UAV image processing in Pix4Dmapper 
 

 UAV Nadir UAV Oblique 

Quality:   
Dataset 1470 out of 1470 images 

calibrated (100%) 
2181 out of 2181 images 
calibrated (100%) 

Number of GCP 9 9 
Georeferencing RMSE 0.01m 0.02m 

Bundle block adjustment   
Mean Reprojection Error 
[pixels] 

0.25 0.28 

Geolocation   
GCP RMSE (m) x=0.016, y=0.015, z=0.005 x= 0.021, y=0.018, z=0.025 
Check point RMSE (m) x=0.051, y=0.043, z=0.055 x=0.036, y=0.032, z=0.093 

Coordinate system   
Image coordinate system WGS 84 WGS 84 
GCP coordinate system Amersfoort / RD New Amersfoort / RD New 
Output coordinate system Amersfoort / RD New Amersfoort / RD New 

Point Cloud Densification   
Number of 3D Densified Points 78684624 97180064 
Average Density (per m3) 49.72 50.78 
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Appendix 3: Plot-wise descriptive statistics of field-measured tree DBH in different canopy density blocks 

 

Dense canopy Block (cm) 

Plot No Mean Minimum Maximum Std Deviation 

1 49.78 34.80 56.30 10.12 

2 46.45 40.20 57.90 6.17 

3 45.16 18.50 78.60 21.12 

4 43.73 19.20 55.00 10.75 

5 52.81 29.80 72.50 18.87 

6 66.70 47.10 97.10 20.57 

7 51.87 36.50 71.00 10.44 

8 66.82 47.40 97.40 17.75 

9 54.82 40.20 70.50 12.36 

10 45.55 31.20 61.00 10.60 

11 27.72 19.60 41.80 5.29 

12 44.01 31.10 72.40 11.12 

13 52.67 23.60 101.90 26.86 

 

 

 

Medium dense canopy Block (cm) 

Plot No Mean Minimum Maximum Std Deviation 

1 32.31 22 45.5 5.53 

2 33.32 13.5 58 11.34 

3 36.48 25.00 56.80 9.02 

4 27.89 15.00 37.10 5.93 

5 32.47 20.00 42.00 6.17 

6 44.03 34.30 59.60 9.33 

7 29.24 18.00 37.00 5.18 

8 31.25 13.00 46.20 9.00 

9 35.64 25.30 42.10 5.51 

10 44.92 13.50 66.80 16.16 
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Appendix 4: UAV-Nadir and UAV-Oblique orthophoto of dense and medium dense canopy blocks 
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Appendix 5: Histogram of random point elevation from LiDAR, UAV nadir and UAV oblique DTMs in 

different canopy density block  

 

 
  

a) Histogram of random point elevation in dense canopy block from LiDAR, UAV nadir 
and UAV oblique DTMs 

b) Histogram of random point elevation in medium dense cnopy block from LiDAR, UAV 
nadir and UAV oblique DTMs 
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Appendix 6: One-way ANOVA and Tucky HSD results of comparison between the means of elevation 
from LiDAR DTM and UAV nadir DTM and UAV oblique DTM  in different canopy density blocks  
 
One-way ANOVA test result of elevation (dense canopy block) 

SUMMARY 
      

Groups Count Sum Average Variance 
  

LiDAR elevation (m) 100 5137.07 51.37 0.54 
  

UAV nadir elevation (m) 100 5336.07 53.36 3.57 
  

UAV oblique elevation (m) 100 5394.74 53.95 8.51 
  

ANOVA 
      

Source of Variation SS df MS F P-value F crit 

Between Groups 364.79 2 182.39 43.37 0.00 3.03 

Within Groups 1248.94 297 4.21 
   

Total 1613.72 299 
    

 
Tucky HSD post hoc test of elevation (dense canopy block) 

* The mean difference is significant at the 0.05 level. 

 
One-way ANOVA test result of elevation (medium dense canopy block) 

 

Multiple Comparisons Mean 

Difference 

Std. 

Error 

Sig. 95% Confidence Interval 

Lower Bound Upper Bound 

LiDAR 

elevation (m) 

UAV nadir 

elevation (m) 

-1.99* 0.29 0.00 -2.67 -1.31 

 
UAV oblique 

elevation (m) 

-2.58* 0.29 0.00 -3.26 -1.89 

UAV nadir 

elevation (m) 

LiDAR 

elevation (m) 

1.99* 0.29 0.00 1.31 2.67 

 
UAV oblique 

elevation (m) 

-0.59 0.29 0.11 -1.27 0.10 

UAV oblique 

elevation (m) 

LiDAR 

elevation (m) 

2.58* 0.29 0.00 1.89 3.26 

 
UAV nadir 

elevation (m) 

0.59 0.29 0.11 -0.10 1.27 

SUMMARY 
      

Groups Count Sum Average Variance 
  

LiDAR elevation (m) 100 5008.41 50.08 0.34 
  

UAV nadir elevation (m) 100 5031.66 50.32 0.41 
  

UAV oblique elevation (m) 100 5041.40 50.41 0.45 
  

ANOVA 
      

Source of Variation SS df MS F P-value F crit 

Between Groups 5.75 2 2.87 7.15 0.00 3.03 

Within Groups 119.37 297 0.40 
   

Total 125.12 299 
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Tucky HSD post hoc test of elevation (medium dense canopy block) 

* The mean difference is significant at the 0.05 level. 

 
 
 
 
 
 
  

Multiple Comparisons Mean 

Difference 

Std. 

Error 

Sig. 95% Confidence Interval 

Lower Bound Upper Bound 

LiDAR 

elevation (m) 

UAV nadir 

elevation (m) 

-0.23* 0.09 0.03 -0.44 -0.02 

 
UAV oblique 

elevation (m) 

-0.33* 0.09 0.00 -0.54 -0.12 

UAV nadir 

elevation (m) 

LiDAR 

elevation (m) 

0.23* 0.09 0.03 0.02 0.44 

 
UAV oblique 

elevation (m) 

-0.10 0.09 0.52 -0.31 0.11 

UAV oblique 

elevation (m) 

LiDAR 

elevation (m) 

-0.33* 0.09 0.00 0.12 0.54 

 
UAV nadir 

elevation (m) 

0.10 0.09 0.52 -0.11 0.31 
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Appendix 7: Histogram of tree heights in dense canopy block from different LiDAR, UAV nadir, and UAV 

oblique CHMs 
  

f) Histogram of tree heights 
from UAV oblique CHM22cm 
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g) Histogram of tree heights 

from UAV oblique CHM50cm 
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h) Histogram of tree heights 
from UAV oblique CHM1m 
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e) Histogram of tree heights 
from UAV nadir CHM1m 

b) Histogram of tree heights 
from LiDAR CHM1m 

0

10

20

0 20 40

N
u

m
b

e
r 

o
f 

tr
e

e
s

Tree height (m)

Histogram of UAV 
Nadir tree height

d) Histogram of tree heights 

from UAV nadir CHM50cm 
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c) Histogram of tree heights 
from UAV nadir CHM22cm 
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a) Histogram of tree heights 

from LiDAR CHM50cm 
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Appendix 8: Histogram of tree heights in medium dense canopy block from different LiDAR, UAV nadir, 

and UAV oblique CHMs 

 

 
  

a) Histogram of tree heights 

from LiDAR CHM50cm 

b) Histogram of tree heights 
from LiDAR CHM1m 

h) Histogram of tree heights 
from UAV oblique CHM1m 

g) Histogram of tree heights 

from UAV oblique CHM50cm 

f) Histogram of tree heights 
from UAV oblique CHM22cm 

e) Histogram of tree heights 
from UAV nadir CHM1m 

d) Histogram of tree heights 

from UAV nadir CHM50cm 

0

10

20

30

40

50

10 20 30 40

N
u

m
b

e
r 

o
f 

tr
e

e
s

Tree height (m)

Histogram of LiDAR 
tree heights

0

10

20

30

40

50

10 20 30 40

N
u

m
b

e
r 

o
f 

tr
e

e
s

Tree height (m)

Histogram of LiDAR 
tree heights

c) Histogram of tree heights 
from UAV nadir CHM22cm 
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Appendix 9: One-way ANOVA and Tucky HSD results of comparison between the means of tree heights 

from UAV nadir CHM22cm, UAV oblique CHM22cm, and LiDAR CHM50cm in different canopy density blocks 
 
One-way ANOVA test result of tree heights (dense canopy block) 

 
Tucky HSD post hoc test of tree heights (dense canopy block) 

* The mean difference is significant at the 0.05 level. 
 
One-way ANOVA test result of tree heights (medium dense canopy block) 

 
 
 
 
 
 

SUMMARY 
      

Groups Count Sum Average Variance 
  

LiDAR TH (m) 113 2807.58 24.85 10.48 
  

UAV nadir TH (m) 113 1895.78 16.78 28.62 
  

UAV oblique TH (m) 113 1825.57 16.16 32.59 
  

ANOVA 
      

Source of Variation SS df MS F P-value F crit 

Between Groups 5311.64 2 2655.82 111.14 0.00 3.02 

Within Groups 8029.03 336 23.90 
   

Total 13340.67 338 
    

Multiple Comparisons Mean 

Difference 

Std. 

Error 

Sig. 95% Confidence Interval 

Lower Bound Upper Bound 

LiDAR TH 

(m) 

UAV nadir TH 

(m) 

8.07* 0.65 0.00 6.54 9.60 

 
UAV oblique 

TH (m) 

8.69* 0.65 0.00 7.16 10.22 

UAV nadir 

TH (m) 

LiDAR TH (m) -8.07* 0.65 0.00 -9.60 -6.54 

 
UAV oblique 

TH (m) 

0.62 0.65 0.61 -0.91 2.15 

UAV oblique 

TH (m) 

LiDAR TH (m) -8.69* 0.65 0.00 -10.22 -7.16 

 
UAV nadir TH 

(m) 

-0.62 0.65 0.61 -2.15 0.91 

SUMMARY 
      

Groups Count Sum Average Variance 
  

LiDAR TH (m) 171 3926.55 22.96 15.27 
  

UAV nadir TH (m) 171 3587.92 20.98 20.60 
  

UAV oblique TH (m) 171 3621.75 21.18 23.68 
  

ANOVA 
      

Source of Variation SS df MS F P-value F crit 

Between Groups 406.86 2 203.43 10.25 0.00 3.01 

Within Groups 10123.87 510 19.85 
   

Total 10530.73 512 
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Tucky HSD post hoc test of tree heights (medium dense canopy block) 

* The mean difference is significant at the 0.05 level. 

 

 
  

Multiple Comparisons Mean 

Difference 

Std. 

Error 

Sig. 95% Confidence Interval 

Lower Bound Upper Bound 

LiDAR TH 

(m) 

UAV nadir TH 

(m) 

1.98* 0.48 0.00 0.85 3.11 

 
UAV oblique 

TH (m) 

1.78* 0.48 0.00 0.65 2.92 

UAV nadir 

TH (m) 

LiDAR TH (m) -1.98* 0.48 0.00 -3.11 -0.85 

 
UAV oblique 

TH (m) 

-0.20 0.48 0.91 -1.33 0.93 

UAV oblique 

TH (m) 

LiDAR TH (m) -1.78* 0.48 0.00 -2.92 -0.65 

 
UAV nadir TH 

(m) 

0.20 0.48 0.91 -0.93 1.33 
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Appendix 10: One-way ANOVA and Tucky HSD results of comparison between the means of tree heights 

from UAV nadir CHM50cm, UAV oblique CHM50cm, and LiDAR CHM50cm in different canopy density blocks 

 
One-way ANOVA test result of tree heights (dense canopy block) 

 
Tucky HSD post hoc test of tree heights (dense canopy block) 

* The mean difference is significant at the 0.05 level. 
 
One-way ANOVA test result of tree heights (medium dense canopy block) 

 
 
 
 
 
 

SUMMARY 
      

Groups Count Sum Average Variance 
  

LiDAR TH (m) 113 2807.58 24.85 10.48 
  

UAV nadir TH (m) 113 1881.87 16.65 29.20 
  

UAV oblique TH (m) 113 1813.36 16.05 32.73 
  

ANOVA 
      

Source of Variation SS df MS F P-value F crit 

Between Groups 5457.52 2 2728.76 113.06 0.00 3.02 

Within Groups 8109.39 336 24.14 
   

Total 13566.92 338 
    

Multiple Comparisons Mean 

Difference 

Std. 

Error 

Sig. 95% Confidence Interval 

Lower Bound Upper Bound 

LiDAR TH 

(m) 

UAV nadir TH 

(m) 

8.19* 0.65 0.00 6.65 9.73 

 
UAV oblique 

TH (m) 

8.80* 0.65 0.00 7.26 10.34 

UAV nadir 

TH (m) 

LiDAR TH (m) -8.19* 0.65 0.00 -9.73 -6.65 

 
UAV oblique 

TH (m) 

0.61 0.65 0.62 -0.93 2.14 

UAV oblique 

TH (m) 

LiDAR TH (m) -8.80* 0.65 0.00 -10.34 -7.26 

 
UAV nadir TH 

(m) 

-0.61 0.65 0.62 -2.14 0.93 

SUMMARY 
      

Groups Count Sum Average Variance 
  

LiDAR TH (m) 171 3926.55 22.96 15.27 
  

UAV nadir TH (m) 171 3579.94 20.94 20.65 
  

UAV oblique TH (m) 171 3613.06 21.13 23.76 
  

ANOVA 
      

Source of Variation SS df MS F P-value F crit 

Between Groups 427.89 2 213.95 10.76 0.00 3.01 

Within Groups 10143.73 510 19.89 
   

Total 10571.62 512 
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Tucky HSD post hoc test of tree heights (medium dense canopy block) 

* The mean difference is significant at the 0.05 level. 

 
  

Multiple Comparisons Mean 

Difference 

Std. 

Error 

Sig. 95% Confidence Interval 

Lower Bound Upper Bound 

LiDAR TH 

(m) 

UAV nadir TH 

(m) 

2.03* 0.48 0.00 0.89 3.16 

 
UAV oblique 

TH (m) 

1.83* 0.48 0.00 0.70 2.97 

UAV nadir 

TH (m) 

LiDAR TH (m) -2.03* 0.48 0.00 -3.16 -0.89 

 
UAV oblique 

TH (m) 

-0.19 0.48 0.92 -1.33 0.94 

UAV oblique 

TH (m) 

LiDAR TH (m) -1.83* 0.48 0.00 -2.97 -0.70 

 
UAV nadir TH 

(m) 

0.19 0.48 0.92 -0.94 1.33 
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Appendix 11: One-way ANOVA and Tucky HSD results of comparison between the means of tree heights 

from UAV nadir CHM1m, UAV oblique CHM1m, and LiDAR CHM1m in different canopy density blocks 

 
One-way ANOVA test result of tree heights (dense canopy block) 

 
Tucky HSD post hoc test of tree heights (dense canopy block) 

* The mean difference is significant at the 0.05 level. 

 
One-way ANOVA test result of tree heights (medium dense canopy block) 

  

SUMMARY 
      

Groups Count Sum Average Variance 
  

LiDAR TH (m) 113 2675.59 23.68 11.97 
  

UAV nadir TH (m) 113 1869.07 16.54 28.93 
  

UAV oblique TH (m) 113 1795.15 15.89 32.59 
  

ANOVA 
      

Source of Variation SS df MS F P-value F crit 

Between Groups 4221.60 2 2110.80 86.16 0.00 3.02 

Within Groups 8231.10 336 24.50 
   

Total 12452.70 338 
    

Multiple Comparisons Mean 

Difference 

Std. 

Error 

Sig. 95% Confidence Interval 

Lower Bound Upper Bound 

LiDAR TH 

(m) 

UAV nadir TH 

(m) 

7.14* 0.66 0.00 5.59 8.69 

 
UAV oblique 

TH (m) 

7.79* 0.66 0.00 6.24 9.34 

UAV nadir 

TH (m) 

LiDAR TH (m) -7.14* 0.66 0.00 -8.69 -5.59 

 
UAV oblique 

TH (m) 

0.65 0.66 0.58 -0.90 2.20 

UAV oblique 

TH (m) 

LiDAR TH (m) -7.79* 0.66 0.00 -9.34 -6.24 

 
UAV nadir TH 

(m) 

-0.65 0.66 0.58 -2.20 0.90 

SUMMARY 
      

Groups Count Sum Average Variance 
  

LiDAR TH (m) 171 3691.86 21.59 15.84 
  

UAV nadir TH (m) 171 3548.21 20.75 20.85 
  

UAV oblique TH (m) 171 3580.31 20.94 24.20 
  

ANOVA 
      

Source of Variation SS df MS F P-value F crit 

Between Groups 66.49 2 33.24 1.64 0.20 3.01 

Within Groups 10353.03 510 20.30 
   

Total 10419.52 512 
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Appendix 12: Summary of different models used for DBH predictions in dense and medium dense canopy 
blocks. (UAV Nadir based parameters) 
 
DBH model development using parameters from UAV nadir datasets (dense canopy block) 

Predictor (X) Model Equation R2 RMSE 

CPA 

Linear y = 0.3703x + 28.825 0.52 11.68 

Logarithmic y = 15.144ln(x) - 8.0131 0.50 11.89 

Quadratic y = -0.0009x2 + 0.4805x + 26.519 0.52 11.64 

Power y = 11.878x0.36 0.52 11.68 

CD 

Linear y = 9.1869x + 12.757 0.53 11.56 

Logarithmic y = 30.288ln(x) + 9.3229 0.50 22.12 

Quadratic y = 0.2605x2 + 7.1826x + 16.155 0.53 11.55 

Power y = 17.935x0.7199 0.52 11.68 

TH 

Linear y = 1.7199x + 18.423 0.32 13.88 

Logarithmic y = 25.021ln(x) - 21.621 0.33 13.75 

Quadratic y = -0.0921x2 + 4.6542x - 2.0861 0.34 14.23 

Power y = 8.2228x0.6108 0.33 13.92 

CD*TH 

Linear y = 0.3418x + 24.33 0.53 11.48 

Logarithmic y = 16.991ln(x) - 20.847 0.50 11.84 

Quadratic y = -0.0011x2 + 0.4978x + 20.057 0.54 11.36 

Power y = 8.5864x0.4087 0.53 11.56 

 
 
DBH model development using parameters from UAV nadir datasets (medium dense canopy block) 

Predictor (X) Model Equation R2 RMSE 

CPA 

Linear y = 0.6402x + 21.139 0.71 4.60 

Logarithmic y = 13.771ln(x) - 5.3202 0.70 4.68 

Quadratic y = -0.0049x2 + 0.9183x + 18.238 0.71 4.53 

Power y = 10.585x0.3978 0.72 4.53 

CD 

Linear y = 11.132x + 6.8908 0.72 4.50 

Logarithmic y = 27.541ln(x) + 10.444 0.70 4.68 

Quadratic y = 0.3187x2 + 9.4058x + 9.0598 0.72 4.50 

Power y = 16.689x0.7955 0.72 4.53 

TH 

Linear y = 1.5619x - 0.2863 0.47 6.16 

Logarithmic y = 30.364ln(x) - 59.388 0.42 6.44 

Quadratic y = 0.0588x2 - 0.9822x + 26.428 0.50 6.00 

Power y = 2.0986x0.8955 0.47 6.25 

CD*TH 

Linear y = 0.3522x + 14.911 0.79 3.87 

Logarithmic y = 19.755ln(x) - 43.382 0.77 4.03 

Quadratic y = -0.0013x2 + 0.5241x + 9.9775 0.80 3.77 

Power y = 3.4675x0.5749 0.79 3.80 
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Appendix 13: Summary of different models used for DBH predictions in dense and medium dense canopy 
blocks. (UAV Oblique based parameters) 
 
DBH model development using parameters from UAV oblique datasets (dense canopy block) 

Predictor (X) Model Equation R2 RMSE 

CPA 

Linear y = 0.3637x + 28.73 0.51 11.73 

Logarithmic y = 15.761ln(x) - 10.842 0.50 11.87 

Quadratic y = -0.0011x2 + 0.5066x + 25.62 0.52 11.57 

Power y = 11.155x0.3734 0.52 11.69 

CD 

Linear y = 9.2313x + 12.106 0.52 11.59 

Logarithmic y = 31.522ln(x) + 7.2004 0.50 11.87 

Quadratic y = 0.1568x2 + 7.9982x + 14.257 0.52 11.58 

Power y = 17.105x0.7469 0.52 11.70 

TH 

Linear y = 1.4854x + 23.131 0.27 14.31 

Logarithmic y = 20.02ln(x) - 6.8414 0.27 14.30 

Quadratic y = -0.0663x2 + 3.5054x + 10.144 0.29 14.18 

Power y = 11.89x0.4857 0.28 14.42 

CD*TH 

Linear y = 0.3266x + 25.733 0.50 11.82 

Logarithmic y = 16.062ln(x) - 16.626 0.47 12.17 

Quadratic y = -0.0006x2 + 0.4112x + 23.532 0.51 11.79 

Power y = 9.5632x0.3848 0.50 11.96 

 
DBH model development using parameters from UAV oblique datasets (medium dense canopy block) 

Predictor (X) Model Equation R2 RMSE 

CPA 

Linear y = 0.632x + 20.685 0.67 4.86 

Logarithmic y = 13.36ln(x) - 4.9173 0.65 4.99 

Quadratic y = -0.0034x2 + 0.8203x + 18.681 0.67 4.83 

Power y = 10.513x0.3924 0.67 4.84 

CD 

Linear y = 10.89x + 6.7556 0.68 4.81 

Logarithmic y = 26.721ln(x) + 10.377 0.65 4.99 

Quadratic y = 0.5781x2 + 7.777x + 10.671 0.68 4.80 

Power y = 16.473x0.7847 0.67 4.85 

TH 

Linear y = 1.3959x + 2.8671 0.42 6.45 

Logarithmic y = 26.07ln(x) - 46.583 0.36 6.76 

Quadratic y = 0.0697x2 - 1.5824x + 33.61 0.47 6.20 

Power y = 3.0135x0.774 0.38 6.59 

CD*TH 

Linear y = 0.3484x + 14.399 0.77 4.09 

Logarithmic y = 18.957ln(x) - 41.032 0.73 4.42 

Quadratic y = -0.0005x2 + 0.4151x + 12.494 0.77 4.08 

Power y = 3.6083x0.559 0.75 4.14 
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Appendix 14: One-way ANOVA results of comparison between the means of DBH modeled using UAV 
nadir based tree parameters, UAV based tree parameter, and field measured DBH 
 
One-way ANOVA test result of DBH (dense canopy block) 

SUMMARY       

Groups Count Sum Average Variance   

Field DBH (cm) 40 1807.30 45.18 260.96   

UAV nadir DBH (cm) 40 2062.32 51.56 337.68   

UAV oblique DBH (cm) 40 1857.74 46.44 158.79   

ANOVA       

Source of Variation SS df MS F P-value F crit 

Between Groups 911.90 2 455.95 1.81 0.17 3.07 

Within Groups 29539.89 117 252.48    

Total 30451.79 119     

 
One-way ANOVA test result of DBH (medium dense canopy block) 

SUMMARY       

Groups Count Sum Average Variance   

Field DBH (cm) 58 2059.60 35.51 110.54   

UAV nadir DBH (cm) 58 2033.38 35.06 79.22   

UAV oblique DBH (cm) 58 2049.44 35.34 83.55   

ANOVA       

Source of Variation SS df MS F P-value F crit 

Between Groups 6.03 2 3.01 0.03 0.97 3.05 

Within Groups 15578.71 171 91.10    

Total 15584.73 173     
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Appendix 15: One-way ANOVA and Tucky HSD results comparing the means of AGB calculated using 

LiDAR-based, UAV nadir-based, and UAV oblique-based tree heights in different canopy density blocks 

 
One-way ANOVA test result of AGB (dense canopy block) 

SUMMARY       

Groups Count Sum Average Variance  

LiDAR AGB (Mg/tree) 113 228.89 2.03 2.29  

UAV nadir AGB (Mg/tree) 113 169.36 1.50 1.56  

UAV oblique AGB (Mg/tree) 113 164.30 1.45 1.56  

ANOVA       

Source of Variation SS df MS F P-value F crit 

Between Groups 22.83 2 11.42 6.33 0.00 3.02 

Within Groups 605.70 336 1.80    

Total 628.53 338     

 
Tucky HSD post hoc test of AGB (dense canopy block) 

Multiple Comparisons Mean 

Difference 

Std. 

Error 

Sig. 95% Confidence Interval 

Lower Bound Upper Bound 

LiDAR AGB 

(Mg/tree) 

UAV nadir 

AGB (Mg/tree) 

0.53* 0.18 0.01 0.11 0.95 

 UAV oblique 

AGB (Mg/tree) 

0.57* 0.18 0.00 0.15 0.99 

UAV nadir 

AGB (Mg/tree) 

LiDAR AGB 

(Mg/tree) 

-0.53* 0.18 0.01 -0.95 -0.11 

 UAV AGB 

(Mg/tree) 

0.04 0.18 0.97 -0.38 0.47 

UAV oblique 

AGB (Mg/tree) 

LiDAR AGB 

(Mg/tree) 

-0.57* 0.18 0.00 -0.99 -0.15 

 UAV nadir 

AGB (Mg/tree) 

-0.04 0.18 0.97 -0.47 0.38 

* The mean difference is significant at the 0.05 level. 
 
One-way ANOVA test result of AGB (medium dense canopy block) 

SUMMARY       

Groups Count Sum Average Variance  

LiDAR based (Mg/tree) 171 173.54 1.01 0.55  

UAV nadir based (Mg/tree) 171 160.91 0.94 0.47  

UAV oblique based (Mg/tree) 171 162.02 0.95 0.48  

ANOVA       

Source of Variation SS df MS F P-value F crit 

Between Groups 0.57 2 0.29 0.57 0.56 3.01 

Within Groups 253.87 510 0.50    

Total 254.45 512     
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Appendix 16: The variation in biomass of the 30 selected trees in dense and medium dense canopy block 

due to the errors in tree height is shown 

*In the Graphs, the trees are arranged in increasing order of DBH 

 

 
  

Comparison of variation in AGB due to errors in tree height estimation (medium dense canopy 
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Appendix 17: One-way ANOVA and Tucky HSD results comparing the means of selected 30 trees AGB 

calculated using inflated and deflated UAV nadir-based, and UAV oblique-based tree heights in different 

canopy density blocks 

 
One-way ANOVA test result of UAV Nadir AGB (dense canopy block) 

SUMMARY       

Groups Count Sum Average Variance  

LiDAR reference based AGB 

(Mg/tree) 

30 96.79 3.23 2.44  

Inflated UAV nadir AGB 

(Mg/tree) 

30 103.44 3.45 2.62  

Deflated UAV nadir AGB 

(Mg/tree) 

30 35.85 1.20 0.42  

UAV nadir AGB (Mg/tree) 30 69.89 2.33 1.23  

ANOVA       

Source of Variation SS df MS F P-value F crit 

Between Groups 94.44 3 31.48 18.75 0.00 2.68 

Within Groups 194.73 116 1.68    

Total 289.17 119     

 
Tucky HSD post hoc test of UAV Nadir AGB (dense canopy block) 

Multiple Comparisons Mean 

Difference 

Std. 

Error 

Sig. 95% Confidence Interval 

Lower Bound Upper Bound 

LiDAR 

reference based 

AGB (Mg/tree) 

Inflated UAV 

nadir AGB 

(Mg/tree) 

-0.22 0.33 0.91 -1.09 0.65 

 Deflated UAV 

nadir AGB 

(Mg/tree) 

2.03* 0.33 0.00 1.16 2.90 

 UAV nadir 

AGB (Mg/tree) 

0.90* 0.33 0.04 0.02 1.77 

Inflated UAV 

nadir AGB 

(Mg/tree) 

LiDAR 

reference based 

AGB (Mg/tree) 

0.22 0.33 0.91 -0.65 1.09 

 Deflated UAV 

nadir AGB 

(Mg/tree) 

2.25* 0.33 0.00 1.38 3.12 

 UAV nadir 

AGB (Mg/tree) 

1.12* 0.33 0.01 0.25 1.99 

Deflated UAV 

nadir AGB 

(Mg/tree) 

LiDAR 

reference based 

AGB (Mg/tree) 

-2.03* 0.33 0.00 -2.90 -1.16 

 Inflated UAV 

nadir AGB 

(Mg/tree) 

-2.25* 0.33 0.00 -3.12 -1.38 

 UAV nadir 

AGB (Mg/tree) 

-1.13* 0.33 0.01 -2.01 -0.26 
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UAV nadir 

AGB (Mg/tree) 

LiDAR 

reference based 

AGB (Mg/tree) 

-0.90* 0.33 0.04 -1.77 -0.02 

 Inflated UAV 

nadir AGB 

(Mg/tree) 

-1.12* 0.33 0.01 -1.99 -0.25 

 Deflated UAV 

nadir AGB 

(Mg/tree) 

1.13* 0.33 0.01 0.26 2.01 

* The mean difference is significant at the 0.05 level. 

 
 
One-way ANOVA test result of UAV Oblique AGB (dense canopy block) 

SUMMARY       

Groups Count Sum Average Variance  

LiDAR reference based AGB 

(Mg/tree) 

30 96.79 3.23 2.44  

Inflated UAV oblique AGB 

(Mg/tree) 

30 104.24 3.47 2.74  

Deflated UAV oblique AGB 

(Mg/tree) 

30 31.26 1.04 0.40  

UAV oblique AGB (Mg/tree) 30 68.13 2.27 1.24  

ANOVA       

Source of Variation SS df MS F P-value F crit 

Between Groups 109.69 3 36.56 21.44 0.00 2.68 

Within Groups 197.85 116 1.71    

Total 307.54 119     

 
Tucky HSD post hoc test of UAV oblique AGB (dense canopy block) 

Multiple Comparisons Mean 

Difference 

Std. 

Error 

Sig. 95% Confidence Interval 

Lower Bound Upper Bound 

LiDAR 

reference based 

AGB (Mg/tree) 

Inflated UAV 

nadir AGB 

(Mg/tree) 

-0.25 0.34 0.88 -1.13 0.63 

 Deflated UAV 

nadir AGB 

(Mg/tree) 

2.18* 0.34 0.00 1.31 3.06 

 UAV nadir 

AGB (Mg/tree) 

0.96* 0.34 0.03 0.08 1.83 

Inflated UAV 

nadir AGB 

(Mg/tree) 

LiDAR 

reference based 

AGB (Mg/tree) 

0.25 0.34 0.88 -0.63 1.13 

 Deflated UAV 

nadir AGB 

(Mg/tree) 

2.43* 0.34 0.00 1.55 3.31 

 UAV nadir 

AGB (Mg/tree) 

1.20* 0.34 0.00 0.32 2.08 
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Deflated UAV 

nadir AGB 

(Mg/tree) 

LiDAR 

reference based 

AGB (Mg/tree) 

-2.18* 0.34 0.00 -3.06 -1.31 

 Inflated UAV 

nadir AGB 

(Mg/tree) 

-2.43* 0.34 0.00 -3.31 -1.55 

 UAV nadir 

AGB (Mg/tree) 

-1.23* 0.34 0.00 -2.11 -0.35 

UAV nadir 

AGB (Mg/tree) 

LiDAR 

reference based 

AGB (Mg/tree) 

-0.96* 0.34 0.03 -1.83 -0.08 

 Inflated UAV 

nadir AGB 

(Mg/tree) 

-1.20* 0.34 0.00 -2.08 -0.32 

 Deflated UAV 

nadir AGB 

(Mg/tree) 

1.23* 0.34 0.00 0.35 2.11 

* The mean difference is significant at the 0.05 level. 

 
One-way ANOVA test result of UAV Nadir AGB (medium dense canopy block) 

SUMMARY       

Groups Count Sum Average Variance  

LiDAR reference based AGB 

(Mg/tree) 

30 35.41 1.18 0.74  

Inflated UAV nadir AGB 

(Mg/tree) 

30 37.01 1.23 0.73  

Deflated UAV nadir AGB 

(Mg/tree) 

30 28.58 0.95 0.50  

UAV nadir AGB (Mg/tree) 30 32.85 1.09 0.61  

ANOVA       

Source of Variation SS df MS F P-value F crit 

Between Groups 1.35 3 0.45 0.70 0.55 2.68 

Within Groups 74.76 116 0.64    

Total 76.12 119     
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One-way ANOVA test result of UAV Oblique AGB (medium dense canopy block) 

SUMMARY       

Groups Count Sum Average Variance  

LiDAR reference-based AGB 

(Mg/tree) 

30 35.41 1.18 0.74  

Inflated UAV oblique AGB 

(Mg/tree) 

30 37.53 1.25 0.76  

Deflated UAV oblique AGB 

(Mg/tree) 

30 28.59 0.95 0.51  

UAV oblique AGB (Mg/tree) 30 33.11 1.10 0.63  

ANOVA       

Source of Variation SS df MS F P-value F crit 

Between Groups 1.47 3 0.49 0.74 0.53 2.68 

Within Groups 76.58 116 0.66    

Total 78.05 119     
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Appendix 18: F-test for Variance and t-Test (equal variance) comparing means of CPA from UAV nadir 

and oblique orthophoto in different canopy densities 

 

F-Test Two-Sample for Variance  
Medium dense canopy Dense canopy 

Nadir CPA Oblique CPA Nadir CPA Oblique CPA 

Mean 20.30 21.43 49.12 50.52 

Variance 152.74 158.27 1088.71 1159.18 

Observations 144 144 100 100 

df 143 143 99 99 

F 0.97 
 

0.94 
 

P(F<=f) one-tail 0.42 
 

0.38 
 

F Critical one-tail 0.76   0.72   

 

 

t-Test (equal variance) 

  Medium dense canopy Dense canopy 

Nadir CPA Oblique CPA Nadir CPA Oblique CPA 

Mean 20.30 21.43 49.12 50.52 

Variance 152.74 158.27 1088.71 1159.18 

Observations 144 144 100 100 

Pooled Variance 155.50 
 

1123.94 
 

Hypothesized Mean Difference 0 
 

0 
 

df 286 
 

198 
 

t Stat -0.77 
 

-0.29 
 

P(T<=t) one-tail 0.22 
 

0.38 
 

t Critical one-tail 1.65 
 

1.65 
 

P(T<=t) two-tail 0.44 
 

0.77 
 

t Critical two-tail 1.97   1.97   

 


