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Abstract 

Accurate and up-to-date information about forest resources is crucial to effective forest 

management. Remote sensing technologies are increasingly being applied to forest resource 

assessment, with airborne laser scanning (ALS) now employed for operational forest 

management in many countries. Statistical relationship between ALS point cloud data and 

forest structural data collected in the field are exploited to arrive at spatially explicit estimates 

of forest inventory attributes.  

Digital aerial photography (DAP) has recently emerged as a potential alternative to ALS that 

may provide advantages such as lower deployment and data collection costs and easier access 

to a greater variety of sensors and platforms. However, the robustness and reliability of DAP 

methods need to be well understood and proven prior to operationalisation of a 

photogrammetric approach to point cloud measurement of forest structure. 

Pinus radiata is the dominant plantation tree species in Australia and New Zealand. Using a P. 

radiata study site located in north east Tasmania, Australia, this thesis characterises DAP-

based point clouds and evaluates the potential to apply DAP point cloud data to forest inventory. 

The thesis investigates the capability of DAP-based point cloud to characterise forest structure, 

including the influences of photogrammetric processing strategies, terrain slope, canopy 

occlusion, canopy cover, photo-overlap and camera location. Canopy metrics commonly used 

in statistical models to estimate forest inventory attributes are examined for three different point 

cloud generation strategies and are shown to be robust to the choice of strategy. 

Point cloud data from small- and medium-format DAP is utilised to estimate area-based forest 

inventory variables (top height, basal area, stocking and total stem volume). Accuracy as well 

as precision of the statistically modelled inventory variables are compared with those derived 

from ALS and with field data at both plot- and stand-level. It is concluded that forest inventory 

attributes can be estimated using DAP-based point cloud data sourced from cameras with 

different technical specifications (i.e. small- and medium-format cameras) and that accuracy 

levels are similar to those derived from ALS. 



v 

The suitability of DAP-based point cloud for individual tree detection (ITD) is evaluated. Two 

point cloud based ITD algorithms are applied to point cloud data sourced from small- and 

medium-format photography and from ALS. Using each of the ITD algorithms, the accuracy 

of tree-detection is reported for each of the data types. The influence of canopy structure and 

the relationship of canopy structural metrics with tree detection are investigated. 

This thesis contributes to the understanding of the robustness of DAP-based point cloud data, 

the capability of DAP-based point cloud data to characterise forest canopy and to be used to 

derive estimates of forest inventory attributes. The thesis demonstrates the robustness of DAP-

based point clouds for area-based forest inventory. The findings will assist forest managers to 

optimally choose from a variety of sensors and platforms that best suit their operational needs 

and to optimise flight planning and photo-acquisition for forest inventory applications. 
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Chapter 1 Introduction 

1.1 Overview 

Availability of fit-for-purpose information is key to effective and efficient management of 

resources. In forestry, this information is collected by deploying forest inventories: the 

systematic measurement of the extent, quantity and quality of forests (Penman et al., 2003). 

Forest inventory is carried out at global, national, regional and local scales. Across those scales, 

the information collected is crucial for understanding, quantifying and monitoring forest 

biomass, forest dynamics, current and future harvestable wood volume and timber product 

yield, and for formulating global, national, regional and local forest management strategies. 

 

At the scale of plantation forest management, the purpose of forest inventory is to estimate the 

structural characteristics and growth rates of a forest estate to inform long- and medium-term 

strategic planning and short-term operational management. The forest attributes measured or 

estimated include stocking (stems per hectare), tree height, basal area, stem volume and timber 

product. 

 

Forest inventory can be based on either a complete census or on forest sampling. A complete 

census, in which every tree is measured is, at present, impractical because of the time and 

labour costs for manual assessment and because the technology and data processing for remote 

sensing of large areas of forest at the individual tree level is still immature or unavailable. 

Instead, statistical sampling strategies are employed and population parameters such as the 

mean and its variance are inferred from a sample of the entire population (Mandallaz, 2008). 

Sample plots are selected and the trees within each plot are manually measured. Increasingly 

sophisticated methods are being used to determine how many sample plots are required and the 

optimum locations for those plots (e.g. Melville and Stone, 2016), and increasingly efficient 

methods are being used to generate spatially explicit estimates of inventory across the whole 

of a forest (e.g. Caccamo et al., 2018; White et al., 2017). 

 

Over the past two decades, airborne remote sensing technologies have been shown to provide 

information that i) allows the number of manually measured field plots to be reduced, ii) 

provides capacity to generate spatially continuous estimates of inventory, and iii) significantly 

improves the reliability of inventory. This reduces the cost and occupational health and safety 

risks of manual plot measurement, improves the capacity of foresters to strategically and 
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operationally manage their estates, and improves the accuracy of forest information and forest 

product valuation. 

 

Airborne laser scanning (ALS), also referred to as airborne LiDAR, is a proven technology to 

support forest inventory (Hyyppä et al., 2012; Kangas et al., 2018; Næsset, 2007). Over the 

past two decades, ALS has evolved from experimental research (Næsset, 1997a, 1997b) to 

operational use in forest inventory (Maltamo and Packalen, 2014; Næsset, 2007; Rombouts et 

al., 2015). A detailed background to ALS in forestry is provided by Lim et al., (2003), Næsset 

et al., (2004), Nelson, (2013) and Wulder et al., (2012). A laser scanner mounted in a manned 

aircraft (or sometimes, more recently, on an Unmanned Aerial Vehicle (UAV)) collects highly 

accurate three-dimensional (3D) point cloud data over extended forest areas. The point cloud 

data that is collected characterises the forest canopy and, usually, sufficiently characterises the 

underlying terrain to provide a reliable digital terrain model (DTM) (Reutebuch et al., 2003). 

The level of information extracted from ALS data supports enhanced forest inventories: a forest 

inventory that incorporates ALS-based estimates of forest attributes. For a small number of 

field-plots, the combined area of which is much smaller than the size of the area to be mapped, 

a suite of metrics can be extracted from ALS point clouds and their association with the 

inventory attributes measured in the field-plots can be statistically modelled. ALS data acquired 

for an extended area can then be tessellated into units that correspond to the field-plots in size 

and the models are applied to produce wall-to-wall predictions of measured inventory attributes 

following an area-based approach (Næsset, 2002a; White et al., 2017). 

 

Although acknowledged as a highly accurate tool for forest inventory, ALS is known to have 

high fixed-costs because of the requirements for aircraft with sophisticated on-board position 

and orientation instruments (GNSS and IMU) and laser scanner. Operationally, the major 

disadvantages of ALS are its high cost particularly for small, remote or fragmented estates and 

when repeated measurements of a forested area are desired; its lack of availability for rapid 

deployment; and its lack of availability in many parts of the world. 

 

Stereo aerial photography and manual stereo-viewing techniques have been the basis for 3D 

topographic mapping for many decades. Recently there have been advances in digital camera 

technology, particularly sensor size and resolution, alongside substantial advances in digital 

photogrammetry, specifically Structure from Motion Multi View Stereopsis (SfM-MVS) 
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algorithms that can be deployed on increasingly available and affordable computer hardware 

(Haala and Rothermel, 2012; Leberl et al., 2010; Stone et al., 2016). SfM photogrammetry 

employs images that are acquired with high forward- and side-overlap from a range of different 

viewpoints (Figure 1.1). Interior and exterior orientation parameters, which define the 

relationship between the camera, 2D images and 3D object space (forest canopy and terrain), 

are determined in a bundle block adjustment process (Triggs et al., 2000). A spatial association 

between the original images is established, based on the exterior orientation parameters of the 

bundle block adjustment, to enable very high resolution image matching (Furukawa and Ponce, 

2010). The very high photo overlap ensures high image redundancy, which is critical for 

reducing occlusions and false matches, and therefore improving the geometric accuracy and 

reliability of the output 3D point cloud data (White et al., 2013a). 

 

 

Figure 1.1 Manned aircraft flight plan diagram showing e.g. 80% forward overlap and 60% side 

overlap. Green rectangle, region to be mapped; blue arrows, flight direction; yellow dots, camera 

stations; solid rectangles, ground coverage of photographs; red square, an example of area 

photographed from multiple camera stations. Figure adapted from Osborn et al., (2017) 

 

Digital Aerial Photography (DAP) has consequently emerged as a potential low-cost alternative 

to ALS-based forest inventories. Digital cameras available in small-, medium- and large-format 

can be deployed on a variety of light aircraft or unmanned aerial vehicles (UAVs) to capture 
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photography with a high forward- and side-overlap over a forest area. Unlike ALS, DAP does 

not necessarily rely on advanced on-board GNSS and IMU instrumentation because spatial 

geo-referencing of DAP can be based on ground control visible in the photographs alone, or in 

combination with simpler onboard GNSS instrumentation (Stone et al., 2016). A variety of 

SfM-MVS algorithms (Eltner et al., 2016) can then be employed to generate dense 3D point 

cloud data from multiple overlapping photographs (Micheletti et al., 2015; Smith et al., 2016; 

Westoby et al., 2012). The specific workflows to arrive at the dense photogrammetric point 

cloud vary among different software packages, however the typical workflow to generate dense 

point cloud data from DAP comprises the steps detailed in e.g. Smith et al., (2016) and Stone 

et al., (2016). Since the DAP-based point cloud is derived from image matching across multiple 

photographs, it does not measure underlying terrain as reliably as ALS unless that terrain is 

visible in multiple photographs. For this reason, DAP-based point cloud data representing 

forest canopy structure normalised for terrain height are highly dependent on the availability 

of a high-resolution DTM, either from previously acquired ALS or from some other source – 

which may include previous DAP flown at a time when the terrain was clear of vegetation or 

comprising only young trees. 

 

There has been a growing interest in the application of DAP-based point cloud to forest 

inventory. Earlier studies have contributed to our knowledge of DAP-based point clouds in 

terms of their completeness, the information that they contain and the factors that influence the 

quality of these point clouds (Baltsavias et al., 2008; Haala et al., 2010). Several studies have 

used DAP-based point clouds to estimate forest inventory attributes in a variety of forest 

environments, comparing DAP with ALS in terms of both precision and accuracy. For example, 

Bohlin et al., (2012) used DAP-based point clouds to estimate tree height, stem volume and 

basal area in spruce and pine dominated stands in Sweden. Järnstedt et al., (2012) and 

Vastaranta et al., (2013) estimated dominant tree height, basal area and stem volume in 

managed conifer-dominated forest in Finland. In a mixed conifer and deciduous forest in 

Germany, Straub et al., (2013) estimated basal area and timber volume from DAP-based point 

clouds. Pitt et al., (2014) applied DAP-based point cloud to model top height, basal area, 

stocking and gross merchantable volume in a complex boreal forest in Ontario, Canada. White 

et al., (2015) used DAP-based point clouds to estimate inventory attributes in a complex coastal 

forest in Vancouver Island, Canada. In a comprehensive study, Gobakken et al., (2015) 

estimated inventory attributes from DAP-based point clouds at both plot- and stand-level. 
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Hawryło et al., (2017) estimated growing stock volume from DAP-point clouds in scots pine 

stands in Poland. Kukkonen et al., (2017) used DAP-point cloud data to estimate tree height, 

basal area, stocking and volume in a pine dominated boreal forest in Finland. More recently, 

Caccamo et al., (2018) derived yield estimates from DAP-based point clouds in a pine 

plantation in Tasmania, Australia. In these studies, the DAP-based results were generally in 

close agreement with those from ALS. Although the point cloud data was generated from DAP 

acquired with different camera formats, only one camera format was used at a time in previous 

studies. 

 

1.2 Knowledge gap 

There remain gaps in our understanding of the robustness of DAP-point clouds, derived from 

different camera formats (i.e. small-, medium- and large-format), across the whole of the forest 

inventory estimation workflow and – in the Australian and New Zealand industry context – in 

our understanding of the performance of DAP-point clouds when applied to Pinus radiata 

plantations, which are the predominant plantation timber in this region. Further, as the use of 

DAP increases, forest managers are increasingly needing to make operational decisions 

regarding camera type (primarily size/format) and platform. The insights gained from this 

research will contribute to the developing knowledge base and are intended to inform 

operational decisions about the application of DAP methods and data to forest inventory, 

particularly for P. radiata plantation forestry. 

 

1.3 Problem statement 

Structure from Motion (SfM) photogrammetry relies on matching image features across many 

images. In complex environments such as a forest canopy, the reliability of the extracted point 

cloud can be affected by many factors. These include the complexity of the canopy structure; 

the canopy illumination; the geometry of the photography and in turn flying height, camera 

focal length, image format, percentage of forward- and side-overlap, view angle; the camera 

settings such as aperture, shutter speed, ISO; and the photogrammetric processing software and 

strategies (Baltsavias et al., 2008; Bohlin et al., 2012; Dandois et al., 2015; Gómez-Gutiérrez 

et al., 2014; Sona et al., 2014). To estimate forest inventory attributes, as a first step, there is a 

need for a deeper understanding of the characteristics and robustness of DAP-based point 

clouds. A small number of studies, employing mainly large-format cameras and rarely 

medium-format cameras on board manned aircraft, in particular and specific forest types have 
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shown promising results (e.g. Dandois et al., 2015). To establish the robustness of 

photogrammetric point cloud data for forest inventory applications, it is imperative to 

investigate DAP point clouds derived from different camera formats, in general and specifically 

in the case of Pinus radiata (Radiata pine) plantations. These investigations are crucial to a 

better understanding of the characteristics, robustness and usability of DAP-based point clouds 

and will contribute to the optimisation of flight planning, photography and SfM with the aim 

of minimising cost and operational complexity without compromising the quality of the 

resulting point cloud data. 

 

Optimally generated DAP-based point clouds can then be used to estimate forest inventory 

attributes, which is normally approached in one of two ways viz.  i) area-based approaches 

(ABA) and ii) individual tree detection (ITD) approaches. In ABA, canopy metrics derived 

from ALS and/or DAP-based point clouds are statistically paired with field-collected forest 

attributes such as top height, basal area, stocking and total stem volume to arrive at modelled 

estimates over a larger area (e.g. Næsset, 2002a). Previous studies have reported that among 

forest inventory attributes, stocking (number of trees per hectare, TPH) is estimated with the 

lowest accuracy when area-based approaches are applied (e.g. Gobakken et al., 2015; 

Kukkonen et al., 2017; Pitt et al., 2014). To improve stocking estimates, ITD algorithms have 

been developed that aim to identify individual trees from canopy height data. Raster-based ITD 

algorithms are applied to raster Canopy Height Models (CHMs) derived from point clouds 

through interpolation. Point cloud based algorithms, unlike raster-based ITDs, operate on the 

point cloud data rather than an interpolated raster surface. In previous studies, point cloud based 

ITDs have been applied to ALS data (e.g. Kaartinen et al., 2012), however the application of 

point cloud based ITDs to DAP-based point clouds has not yet been reported. If it can be shown 

that point cloud based ITD algorithms can reliably be applied to DAP-based point clouds, then 

this will further support the utility of DAP as a potential alternative to ALS for forest inventory. 

 

1.4 Objective of this thesis 

Advances in DAP, photogrammetric methods and the availability of a wide variety of camera 

platforms present opportunities for forest managers to optimise point cloud data collection in 

terms of operational flexibility and cost-effectiveness. Previous studies comparing estimates of 

forest inventory from ALS and DAP-based point cloud have achieved promising results (e.g. 

Järnstedt et al., 2012; Ullah et al., 2017b; White et al., 2015); however, there is a significant 
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gap in our understanding of the robustness of the photogrammetric solution for different 

cameras and associated flight planning choices such as platform, flying height and ground 

sampling distance. For forest managers to be able to meet their operational needs on a case by 

case basis, there is a need to evaluate the robustness of photogrammetric solutions across 

different  data collection strategies, the ability of the derived point cloud to characterise canopy 

structure, and the downstream influence on estimates of forest inventory attributes. Hence, the 

aim of this thesis is to evaluate the ability of DAP-based point cloud methods to 

characterise forest structure, to assess the robustness of these point clouds across small- 

and medium-format cameras; to assess the performance of these point clouds for 

inventory estimation in an Australian Pinus radiata plantation; and to evaluate the 

suitability of these point clouds for individual tree detection. To achieve this aim, the 

following specific objectives were formulated. 

 

• To evaluate the robustness of DAP-based point clouds in characterising forest structure 

in comparison with ALS 

• To evaluate area-based forest inventory attributes derived from DAP-based point 

clouds in comparison with ALS 

• To evaluate the suitability of DAP-based point clouds for individual tree identification 

in comparison with ALS 

 

1.5 Thesis outline 

Chapter 2 addresses the first objective of this thesis. Point cloud data are generated from SFP 

and MFP using different combinations of Key Point Limit (initial photo alignment), Quality 

and Depth Filtering available in a widely used SfM-MVS software product, Agisoft Photoscan. 

The intention is to characterise and better understand the influence of the photogrammetric 

processing strategy and to assess the robustness of the derived point cloud data to typical 

choices of processing strategy. After several trials, three distinctly different SFP-based point 

cloud datasets are selected viz. the DEF, using default settings; MILD, with more penetration 

into the canopy; and ULTRA, with relatively lower penetration into the canopy but evidence 

of improved capturing of treetops. ALS- and SFP-based point cloud data are extracted for a 

small number of plots (n = 16). Vertical profiles along a transect are extracted from each of 

ALS, DEF, MILD and ULTRA point clouds. The ability of the four point cloud datasets to 

characterise and penetrate the canopy is compared. The influences of canopy cover, slope and 
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camera location on the penetrative ability of the four point cloud datasets are presented. The 

effects of occlusions and shadowing on the SFP-based point clouds are discussed. Canopy 

metrics derived from the ALS, DEF, MILD and ULTRA point clouds are statistically compared. 

It is shown that ALS-based canopy metrics are significantly different from the SFP-based 

canopy metrics. Differences among canopy metrics derived from the three SFP-based point 

clouds, however, were not significant. It is concluded that the photogrammetric strategies to 

generate dense point clouds DAP do not influence the quality of the resulting point clouds; 

hence, consistent and default settings in the photogrammetric software (Agisoft Photoscan) can 

be used to derive dense point clouds from DAP. 

 

Chapter 2 was published in Australian Forestry as “Iqbal, I.A., Osborn, J., Stone, C., Lucieer, 

A., Dell, M., McCoull, C., 2018. Evaluating the robustness of point clouds from small format 

aerial photography over a Pinus radiata plantation. Australian Forestry. 81, 162–176” and is 

included in this thesis as Appendix 1. 

 

Additional work completed as part of this component of the research, but not included in the 

published paper is included in this thesis as Appendix 2.1. As a sub-project, three point clouds 

were generated from MFP – using the same parameter settings as for SFP – and the calculated 

canopy metrics were tested for significant differences. Similar to our SFP-based findings, no 

significant differences were found among the canopy metrics calculated from the three MFP-

based point clouds. A majority of canopy metrics calculated from the three MFP-based point 

clouds, however, were significantly different from the corresponding ALS-based canopy 

metrics. 

 

Chapter 3 addresses the second objective of this thesis. Point cloud data generated from SFP 

and MFP are used to model area-based inventory attributes. Inventory estimates from 

photogrammetric point clouds are compared with ALS-based results. Canopy metrics 

calculated from the three point clouds (ALS, SFP and MFP) are extracted for each of the field-

plots and statistically linked with attributes measured in field-plots. The number of canopy 

metrics is objectively reduced through a variable selection process. For each of the three 

datasets, the reduced number of canopy metrics are used as predictors in non-parametric 

models to predict top height, basal area, stocking and total stem volume: the response variables. 

Inventory attributes are predicted at both plot- and stand-level and validated with field-
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measured data. The results from this study are compared with contemporary studies that used 

ALS and DAP-based point clouds mainly from large-format photography. It is concluded that 

photogrammetric methods are largely robust, across a variety of camera formats, for area-based 

forest inventory estimation and that SFP- and MFP-based point cloud data can be used for 

operational forest inventory. 

 

Chapter 3 was published in International Journal of Applied Earth Observation and 

Geoinformation as “Iqbal, I.A., Musk, R.A., Osborn, J., Stone, C., Lucieer, A., 2019. A 

comparison of area-based forest attributes derived from airborne laser scanner, small-format 

and medium-format digital aerial photography. International Journal of Applied Earth 

Observation and Geoinformation. 76, 231–241” and is included in this thesis as Appendix 2. 

 

Additional work completed as part of this component of research, but not included in the 

published paper is included in this thesis as Appendix 3.1. Two additional machine learning 

approaches viz. Support Vector Regression (SVR) and k-Nearest Neighbour (kNN) were also 

employed to model inventory attributes from ALS-, SFP- and MFP-based point clouds. 

Supporting our RF-based results, SVR- and kNN-based models also showed that ALS, SFP 

and MFP can be used to estimate forest inventory attributes with comparable accuracies. 

 

Chapter 4 addresses the third objective of this thesis. Point cloud based ITD algorithms are 

applied to ALS-, SFP- and MFP-based point cloud data in order to assess their capacity to 

improve estimates of tree stocking. Reference-tree locations were not collected in the field due 

to significant displacement between the bases and tops of trees due to lean and/or sweep but 

were created by digitising treetops in an overlay of ALS, SFP and MFP point cloud datasets. 

Several plot-metrics (representing canopy structure) are calculated from the inventory data 

collected in field-plots and extracted from each of the three point cloud datasets to investigate 

the relationship between tree detection rates and plot-metrics. Two point cloud based ITD 

algorithms, viz. PointcloudITD (PCITD) and Li2012, are applied to ALS-, SFP- and MFP-

based point clouds for selected plots. Tree detection rates of the two algorithms are presented 

and discussed. The relationship between tree detection rates and plot-metrics is also 

investigated. Overall, ALS, SFP and MFP showed a similar performance, suggesting the 

suitability of DAP-based point cloud data for individual tree detection. The results also 

suggested that tree detection rates were strongly correlated with the number of trees per hectare, 



10 

 

with increasing crown density contributing to increased complexity of canopy structure. 

Chapter 4 is in preparation for submission to a peer-reviewed journal. 

 

Chapter 5 summarises key conclusions of the research presented in this thesis.  
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Chapter 2 Evaluating the robustness of point clouds from small format 

aerial photography over a Pinus radiata plantation 

 

The research contained within this chapter has been published as Iqbal, I.A., Osborn, J., Stone, 

C., Lucieer, A., Dell, M., McCoull, C., 2018. Evaluating the robustness of point clouds from 

small format aerial photography over a Pinus radiata plantation. Australian Forestry. 81, 162–

176 (Appendix 1). The work included in this chapter as Appendix 2.1 is not included in the 

published paper.  

 

Abstract: Extensive research and operational trials over the past twenty years have led to the 

operational implementation of airborne laser scanning (ALS) based forest inventory becoming 

increasingly common. More recently digital aerial photography, processed using structure-

from-motion multiview-stereopsis (SfM-MVS) photogrammetry, is emerging as an alternative 

to ALS. Aerial photography may provide some advantages compared with ALS, including 

lower deployment and data collection costs, easier access to a variety of platforms and sensors, 

and the opportunity for forest managers to capture and process the data in-house. This study 

presents an analysis of point cloud data derived from airborne small-format digital aerial 

photography and a comparison with ALS data for a Pinus radiata located in northeast Tasmania. 

The aerial photography was processed using commercially available photogrammetric 

software and three different processing strategies. The influence of processing strategy, terrain 

slope, canopy occlusion, canopy cover, photo-overlap and camera location are investigated in 

order to characterise the point clouds generated using these methods and to assess the 

robustness of the photogrammetric solution to these variables. Our analysis provides strong 

evidence of the robustness of small format aerial photography based point clouds in this type 

of forest: characteristics of the dense point cloud are shown to be largely robust to different 

photogrammetric processing strategies; observations regarding the influence of terrain slope, 

photo-overlap, canopy occlusions, canopy cover and camera location can be used to optimise 

flight planning and photo acquisition. 

 

Keywords: Pine plantations, Forest inventory, Airborne LiDAR, Aerial Photography, 3D point 

cloud, Structure from Motion 
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2.1 Introduction 

For more than two decades, Airborne Laser Scanning (ALS) has been researched and used as 

a tool for forest inventory practices (e.g. Cao et al., 2014; Hyyppä et al., 2008; Korhonen et al., 

2011; Næsset, 1997a; Nelson et al., 1984; Riaño et al., 2003; Saremi et al., 2014; Shrestha and 

Wynne, 2012; Valbuena et al., 2013; Zhang et al., 2015). ALS has evolved from experimental 

research (Næsset, 1997a, 1997b) to operational use in forest inventory (Maltamo and Packalen, 

2014; Næsset, 2007; Rombouts et al., 2015). For a wide range of stand conditions, ALS is 

capable of capturing much of the three-dimensional (3D) architecture of a forest because of its 

capacity to penetrate vegetation and respond to both horizontal and vertical structure, penetrate 

inter- and intra-canopy gaps, and reach terrain (Reutebuch et al., 2003; Yebra et al., 2015). For 

each transmitted pulse, ALS records LiDAR (Light Detection and Ranging) backscatter energy 

either as a continuous signal or as vertically distributed discontinuous points, usually referred 

to as the full-waveform or discrete return systems, respectively. Full-waveform LiDAR 

systems sample the backscatter at a series of equal time intervals (typically 1 ns to 5 ns) 

(Sumnall et al., 2016; White et al., 2013b), resulting in a near-continuous wave. Conversely, 

discrete return LiDARs record up to five returns for each transmitted pulse, resulting in point 

data (Hansen et al., 2015) (see e.g. Lim et al., (2003) for details of the full-waveform and 

discrete return LiDARs). Discrete return systems are more commonly used in forestry 

applications and forest inventory practices (van Leeuwen and Nieuwenhuis, 2010; Wulder et 

al., 2008), because of their commercial availability and the less complex data processing 

workflows. 

 

Extraction of forest metrics from ALS data to derive forest inventory attributes is generally 

approached in one of two ways: i) an Area-Based Approach (ABA) sometimes referred to as a 

plot-based approach (Maltamo et al., 2014), or ii) an Individual Tree Approach (ITA). In ABA 

methods, averaged canopy height and canopy density metrics are extracted for a given area e.g. 

a sample plot, which is rarely smaller than 200 m2 (Breidenbach et al., 2008; Gobakken and 

Næsset, 2008; Maltamo et al., 2011; Næsset, 2002a). Individual tree methods, used for tree-

level inventories, include identification of individual trees and direct measurement of tree 

metrics such as stand density, tree height, crown diameter and crown height (crown depth) 

from the ALS point cloud data (Bortolot and Wynne, 2005; Næsset et al., 2004; Næsset and 

Gobakken, 2005; Næsset and Nelson, 2007; Persson et al., 2002; Popescu and Wynne, 2004; 

Ziegler et al., 2000). These parameters can then be used to estimate derived products e.g. 
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diameter at breast height (DBH), crown volume, stand volume, basal area and aboveground 

biomass. 

 

Stereo-photography, manual as well as digital, has been used for decades to measure 

components of the 3D structure of forests, particularly stem location and canopy height (Lefsky 

et al., 2001; Maltamo et al., 2006; Næsset, 2002b; St-Onge et al., 2008; Vastaranta et al., 2013; 

Wijanarto and Osborn, 2007). In recent years, however, digital aerial photography has emerged 

as a potentially lower-cost alternative to ALS (e.g. Stone et al., 2016).   

 

The underlying principle of photogrammetry is that the 3D location of points appearing in two 

or more photographs can be computed from the measured image coordinates of those points in 

each of the photographs (see e.g. Morgan et al., 2010; White et al., 2013a). In forestry, the 

photographs are normally collected along multiple flight lines, traditionally employing 60% 

overlap along the flight line and 30% overlap between adjacent lines (Stone, 1998). The 

combination of improved camera technology and computing software and hardware allows for 

much higher density photo acquisition, such as 90% forward overlap and 60% or higher side 

overlap (Leberl et al., 2010). High overlap photography, when coupled with Structure from 

Motion Multiview Stereopsis (SfM-MVS) algorithms, has greatly enhanced the capacity to 

extract 3D geometry using photogrammetric techniques (Leberl et al., 2010; Micheletti et al., 

2015; Turner et al., 2012; Westoby et al., 2012). 

 

In most forest types it is unlikely that photogrammetric techniques will provide sufficient 

penetration through the whole of the canopy to allow reliable mapping of the underlying bare-

earth terrain (Wallace et al., 2016). For this reason, if canopy data needs to be normalised to 

remove terrain height, then an accurate Digital Terrain Model (DTM) will need to be measured 

separately, using either photogrammetric techniques at a time when the vegetation cover is 

sparse, or using ALS (Baltsavias et al., 2008; Bohlin et al., 2012; Nurminen et al., 2013; Straub 

et al., 2013; Xu et al., 2015). 

 

SfM-MVS photogrammetry is being explored to generate dense point clouds from overlapping 

aerial photographs (AP point cloud) (Dandois et al., 2015; Dandois and Ellis, 2013; Lucieer et 

al., 2014; Morgenroth and Gomez, 2014; Smith et al., 2016) as a potentially powerful technique 

for measuring forest stands (Rahlf et al., 2015; Waser et al., 2015). Different commercial and 
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non-commercial software packages available to derive point cloud data from aerial 

photography are described in Eltner et al., (2016). Although the specific workflows to arrive at 

the point cloud will vary among different software packages, the typical workflow to generate 

a dense point cloud from aerial photographs comprises of the steps detailed in Smith et al., 

(2016) and Stone et al., (2016). 

 

Although AP point cloud data are generally unlikely to provide DTMs of a quality comparable 

to ALS because of limited penetration through vegetation to terrain, research has shown the 

potential of high-resolution AP for creating Digital Surface Models (DSMs) of similar quality 

to ALS (Baltsavias et al., 2008; Haala et al., 2010; St-Onge et al., 2008). In most studies, a 

gridded canopy surface model (or a DSM) is created from the AP point cloud and compared 

with a DSM acquired using ALS data (e.g. Baltsavias et al., 2008; St-Onge et al., 2008). The 

DSM derived from the AP point cloud is then normalised with a high-resolution ALS-DTM to 

generate a raster canopy height model (CHM). 

 

CHMs derived from an AP-DSM and ALS-DTM have been shown to be in close agreement 

with CHMs derived from an ALS-DSM and ALS-DTM (e.g. Ota et al., 2015; Rahlf et al., 

2014). Similarly, estimates of tree height, commonly computed as a primary forest metric from 

a CHM have been shown to be in good agreement with ground truth (Bohlin et al., 2012; 

Hernández-Clemente et al., 2014; Järnstedt et al., 2012), although dependent on factors such 

as age, canopy cover and site quality of the stand (Gobakken et al., 2015). For inventory 

estimation, either a raster CHM or the original point cloud is used to derive a set of forest 

metrics to be used as correlates in the estimation (Abd Latif et al., 2011; Dandois et al., 2015; 

Gobakken et al., 2015; Gómez-Gutiérrez et al., 2015; Hernández-Clemente et al., 2014; St-

Onge et al., 2015; Ullah et al., 2017b; Vastaranta et al., 2013).  

 

Differences between, and errors in AP and ALS point cloud data propagate into the derived 

forest metrics, either directly or via raster interpolation process (Bater and Coops, 2009; Smith 

et al., 2005) and so understanding the performance of photogrammetric methods over a range 

of situations is critical if AP is to be relied upon for forest inventory. Point clouds derived from 

aerial photography will be influenced by the structure of the canopy, canopy illumination (sun 

angle and atmospheric conditions), the geometry of the photography (flying height, percentage 
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of forward- and side-overlap, view angle, focal length and image format), camera settings 

(aperture, shutter speed, ISO settings) and photogrammetric processing software and strategies. 

 

It is not practical to systematically undertake an empirical investigation of all permutations of 

forest type, stand condition, sensor platform and camera, sensor geometry and 

photogrammetric processing; however there is a growing literature that separately addresses 

many of these factors. Bohlin et al., (2012), Nurminen et al., (2013), Gobakken et al., (2015) 

and Puliti et al., (2017) report on investigations of the influence of flying height and image 

overlap on inventory estimation; Hawryło et al., (2017) compare timber volume derived from 

AP point clouds computed from each of RGB- and colour infrared- (CIR-) imagery. (Sona et 

al., (2014) compare different photogrammetric software packages for point cloud computation 

and subsequent DSM derivation (applied in a rural landscape); Ullah et al., (2017b) and 

Kukkonen et al., (2017) compare timber volume estimated from ALS data with that derived 

from AP point clouds generated using different image matching algorithms. Software choices 

and software parameterisation are also discussed in reports by Järnstedt et al., (2012), Gómez-

Gutiérrez et al., (2014), Hernández-Clemente et al.,  (2014), Turner et al., (2014), Gobakken et 

al.,  (2015), Ota et al., (2015) and Puliti et al., (2015). Dandois et al., (2015) report on an 

investigation of the influence of illumination conditions, flying height, image forward- and 

side-overlap, weather conditions and also image resolution (down-sampling GSD) using 

images acquired from multi-rotor UAV over temperate deciduous forests and processed using 

the same software employed in the research reported here.  

 

In recent studies (Bohlin et al., 2012; Gobakken et al., 2015; Järnstedt et al., 2012; White et al., 

2015), absolute differences between RMSE% at the stand level for basal area estimated from 

ALS and AP point cloud data ranged from 2.3% to 8.34%. Similarly, inconsistency in estimates 

of the volume of growing stock and stem volume from ALS and AP based point cloud has also 

been noted. Higher variability in (RMSE% of) stem volume were reported in other studies; for 

example, 3.63% in White et al., (2015), 3.7% in Gobakken et al., (2015), 9.13% in Järnstedt et 

al., (2012) and the highest (12.01%) in Rahlf et al., (2014). 

 

Recent research therefore suggests that modern photogrammetric methods have the capacity to 

map upper canopy surfaces with a reliability that could meet the needs of forest inventory 

(Järnstedt et al., 2012; Jensen and Mathews, 2016; Leberl et al., 2010; Wallace et al., 2016) . 
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The attraction of a photogrammetric approach to mapping forest canopies is that it may provide 

sufficiently reliable data with significant operational advantages, including lower cost and 

simpler and more rapid deployment. It currently also has a greater capacity for deployment on 

Unmanned Aircraft System (UAS) platforms (Puliti et al., 2015; Thiel and Schmullius, 2017). 

 

These observations demonstrate the need to optimise the quality and reliability of point clouds 

generated from AP, and therefore a need to understand the factors that influence the robustness 

of photogrammetric measurement of canopy surface models. In this study, we focus on 

photogrammetric processing strategy and the reliability of point clouds representing canopy 

structure derived from high quality small-format photography captured with high forward- and 

side-overlap over a Pinus radiata plantation. The particular intention of the study is to 

characterise and better understand the influence of photogrammetric processing strategy and to 

assess the robustness of the derived point cloud data to typical choices of processing strategy. 

Specifically, we analyse three sets of dense point clouds (details provided in section 2.2.3.2) 

computed using proprietary SfM-MVS photogrammetric software (PhotoScan Professional, 

Agisoft LLC, Russia) for forest plots located in a Pinus radiata plantation representing each of 

three different inventory ages. The study complements the findings of others by concentrating 

on the robustness of the photogrammetric data to choice of photogrammetric processing 

strategy and for an important Australian and New Zealand plantation species. 

 

2.2 Materials and Methods 

2.2.1 Study area 

The study area is within a region of approximately 28 km2 (Figure 2.1) in northeast Tasmania, 

Australia located at 41°12'50"S and 147°38'50"E (approx. centre coordinates). The site is 

dominated by P. radiata plantations with sparsely distributed broadleaved trees within the 

plantations (e.g. Eucalyptus and Acacia spp.). The study area contains plantations of different 

ages. These are stratified into three age classes: Early Age Inventory (EAI) aged 10-12 years, 

Mid Rotation Inventory (MRI) aged 20-22 years and Pre-Harvest Inventory (PHI) aged 29-30 

years. Maximum heights observed in the EAI, MRI and PHI strata were in the ranges of 15 m 

– 21.5 m, 29.7 m – 35.5 m and 25 m – 38.7 m, respectively. The spacing at establishment is 3 

m x 3 m with a stocking of ~1,100 stems per hectare (sph). Thinning occurs at between 12 and 

16 years with a residual stocking of 500 to 600 sph. Historic regimes consisted of one or two 
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thinnings. The clearfell coupes in the study area received two thinnings to a residual stocking 

between 350 and 450 sph. Pruning has only occurred on the mature stands. 

 

 

Figure 2.1 Study site location in the north-east Tasmania, Australia. Blue dot, study site. Locations 

of the 105 fixed-radius sample plots: yellow, Pre-Harvest Inventory (PHI); white, Mid-Rotation 

Inventory (MRI); red, Early-Age Inventory (EAI) 

 

2.2.2 Data 

2.2.2.1 Inventory Plot Measurements 

A total of 105 fixed radius sample plots representing the three age strata were statistically 

selected to capture stand variability. The plots were allocated according to the company’s 

(Timberlands Pacific Pty Ltd.) specifications using a conventional grid sample with the PHI, 

MRI and EAI inventory strata having one plot per 1.4 ha, 2.0 ha and 4.9 ha, respectively. These 

105 plots comprised 50 PHI, 40 MRI and 15 EAI plots (Figure 2.1). Plots centres were located 

in the field with sub-meter accuracy using differential GNSS. The plot radii of PHI, MRI and 

EAI were 12 m, 9 m and 8 m respectively, which accounted for the differences in mean stocking 

between the three strata. Sixteen plots (PHI=8, MRI=4, EAI=4) were selected for the 

illustrative analysis described here. However, all the 105 plots were used for statistical analysis 

of the canopy metrics. 
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2.2.2.2 ALS Data 

ALS data were collected using an Optech Pegasus ALS on board a fixed-wing aircraft (12th 

April 2015). The system recorded 4 returns per pulse (1st, 2nd, 3rd and last) with a pulse 

repetition frequency of 100 kHz, resulting in an average point density and spacing of 1.94 

points per m2 and 0.68 m, respectively. Project specifications and processes were designed to 

achieve vertical and horizontal accuracies (within 1 sigma) of 0.15 m and 0.55 m, respectively. 

 

Three well-distributed ground control arrays, each comprising approximately of 50 terrain 

points distributed in an approximate grid over areas of open, generally flat terrain, were geo-

located with real-time kinematic (RTK) global navigation satellite system (GNSS) receivers 

and used by the ALS data provider as a reference for vertical adjustment of the data. ALS 

strikes across the study area were classified by the data provider into ground and non-ground 

points using a single proprietary algorithm. 

 

2.2.2.3 Aerial Photography 

Data Acquisition 

Thirty-six ground control points (GCPs) were established across the study site. These were 

0.25×0.25 m reflective targets, fixed to ground pegs, and geo-located using differential GNSS. 

The horizontal and vertical accuracies of the GCPs were 2 cm and 5 cm, respectively. 

 

Vertical (nadir) aerial photography was acquired using a Canon EOS 5D Mark II (21 

megapixels) digital frame camera on board a fixed-wing Cessna 206. The aircraft was flown at 

an average height of 600 m above terrain on 6th February 2015. The focal length of the camera 

was 35 mm, resulting in a ground sampling distance (GSD) of 0.13 m. A total of 1898 images 

were collected during 24 runs, covering an area of 31.6 km2, with a forward and side overlap 

of 75% and 60%, respectively.  

 

Point cloud generation  

Photogrammetric processing of the aerial photography was undertaken using Agisoft 

PhotoScan Professional v1.2.6, build 2834. Camera calibration (a single, block invariant 

solution) was computed by the bundle adjustment. The Photoscan “High Quality” setting was 

used for the initial alignment and so single-pixel matching rather than a down-sampled 

resolution, and with the number of potential tie- and key-points not limited. The reliability of 
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the initial alignment was assessed by sub-setting the ground control into GCPs included as 

measured observations in the bundle adjustment and GCPs used as check points. A typical 

example using 18 GCPs as measured observations in the adjustment and 18 GCPs as check 

points resulted in errors (s.d.) on control of 0.07 m, 0.07 m, 0.05 m in E, N, Height respectively, 

and errors (s.d) on check points of 0.08 m, 0.08 m 0.13 m in E, N, Height respectively. Once 

the reliability of the ground control, the image measurements and the bundle adjustment 

solution were assured, all GCPs were included in the solution, leading to errors on GCPs 

marginally smaller than quoted above. Sparse point clouds contained an average of 7402 points 

per photo. The bundle adjustment solution adopted at this stage of the processing was then held 

fixed for the subsequent investigation of dense point cloud generation. 

 

Dense point clouds were generated using different settings of Key Point Limit (initial photo 

alignment), Quality and Depth Filtering. Key Point Limit controls the upper limit of the number 

of points extracted from each photo. The default Key Point Limit is 40,000; however, 2 million 

was also used during initial photo alignment (Agisoft, 2015). Quality refers to the resampling 

or downscaling of the photographs during geometrical reconstruction. Higher quality settings 

will result in more detailed and accurate geometry at the cost of longer processing time. 

Selecting Ultra High quality means that original photos are used; selecting High quality 

downscales the image size by a factor of four. This means that when building dense point 

clouds, High quality will downscale 2×2 pixels in the original photo to one pixel to build a 

geometry (Agisoft LLC, 2011). Depth Filtering is applied to filter and remove outliers in the 

dense point cloud. The software provides three depth filters: Mild, Moderate and Aggressive. 

Mild will remove fewer points, thus will preserve the complexity of a point cloud but at the 

risk of leaving erroneous points in the cloud; Aggressive will remove more points, which 

minimises the likelihood of erroneous points remaining in the cloud but at the risk of removing 

reliable data. Moderate depth filtering falls between these two (Agisoft LLC, 2011). We 

generated dense point clouds using Mild and Moderate depth filtering. The combinations of 

key point limit, quality setting, and depth filtering used in this study are shown in Table 2.1 

and are identified as DEF (Default), MILD and ULTRA. These combinations are representative 

of the breadth of strategies typically employed. 
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Table 2.1 Number and average density of aerial photography point clouds for different process names 

Process 

name 

Key points Quality Depth 

filtering 

Number of points 

(105 plots) 

Average point 

density (m-2) 

DEF 40,000 High Mild 2,493,249 27.66 

MILD 2,000,000 High Mild 2,497,906 27.71 

ULTRA 2,000,000 Ultra-high Moderate 10,742,593 117.24 

 

2.2.3 Data Analysis 2 

ALS and AP point clouds were extracted for each of the PHI, MRI and EAI plots using an 

external buffer of 5 m around the actual field plot radius to allow for the removal of any edge 

effects during analysis. Firstly, all ALS and the AP data were normalised to represent height 

above terrain by subtracting corresponding height values from an ALS-based DTM. Secondly, 

to account for the vertical uncertainty of ALS data, which was 0.15 m, all ALS and AP points 

with normalised height values below -0.5 m were classified as noise points. It is more difficult 

to identify other large or gross errors within or above the canopy data, but points with 

normalised height values above 50 m were also classified as noise because there were no trees 

in the study area above this height. Finally when the data was ready for analysis, all datasets 

were clipped to the actual plot radii and all noise points, unclassified points and points below 

zero meter height were filtered out.  

 

2.2.3.1 Comparison of vertical profiles of ALS and AP point cloud datasets along a transect 

At each plot, vertical profiles along transects were extracted from the ALS and AP point clouds. 

Initially, the width of each transect for the AP as well as the ALS data was 0.5 m. Since the 

ALS data had a lower horizontal accuracy (approx. 0.55 m, 1 sigma) and lower point density 

than the AP data, we tested three transect widths i.e. 0.5 m, 1.0 m and 2.0 m as shown in Figure 

2.2a. 

 

ALS points in the 0.5 m transect width compared well with the AP profiles but did not account 

for the possible effects of horizontal error in the ALS data. In contrast, ALS points in the 2.0 

m transect for ALS data included points further from the AP points and clearly from a different 

part of the canopy (red circles in Figure 2.2a). Finally, as a sensible compromise, we adopted 

0.5 m and 1.0 m wide transects for AP and ALS point data, respectively Figure 2.2b). 

                                                           
2 Sixteen plots were used in all analyses, except for the comparison of canopy metrics where all 105 plots 

were used. 
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(a) 

 

(b) 

Figure 2.2 (a) Overlay of normalised airborne laser scanning (ALS) and aerial photography data 

extracted along a transect through the centre of plot PHI1. Left panel, transect width 0.5 m; centre 

panel, transect width 1.0 m; right panel, transect width 2.0 m. Red circles, ALS points from different 

parts of the canopy. In each panel, red dots, ALS; blue dots, DEF; green dots, MILD; orange dots, 

ULTRA. (b) Orthophotograph of a field plot. Pink circle, actual plot radius (12 m); yellow dashed 

circle, 5 m buffer; red lines, transect used to extract the vertical profile from the ALS; blue lines, 

transect used to extract the vertical profile from aerial photography point cloud 

 

2.2.3.2 Penetration of ALS and AP point cloud datasets through the canopy: the influence of 

increasing canopy cover, slope and camera location 

Plot centres were buffered with a distance equal to the actual plot radii. All points falling within 

the actual plot radius were extracted from the ALS and AP point clouds. Data were then 

classified in height bins of 5 m and the percentage of points was extracted for each height bin 
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(LAStools, 2015), starting from ground level (0.0 m) through to the maximum height value in 

each plot. 

 

Canopy cover (CC) and canopy density (CD) metrics were calculated for each plot to 

investigate and characterise the penetration of ALS and AP point clouds in relation to CC and 

CD using LAStools’ lascanopy functions (LAStools, 2015). CC and CD metrics are based on 

the ‘return-number’ above a user-defined cover cut-off. CC is computed as the number of first 

returns above the cover cut-off divided by the number of all first returns and output as a 

percentage. CD is computed as the number of all points above the cover cut-off divided by the 

number of all returns. The cover cut-off was set as 5 m for the PHI plots, which represented 

the approximate pruned height. Since the EAI and the MRI plots were not pruned, no cover 

cut-off threshold was applied to these plots. Terrain slope was measured in the field for each 

of the plots using standard field measurement methods (Haglöf Vertex III, (Haglöf Sweden A. 

B., 2007)). Terrain slope is measured using the instrument’s angle display and sighting in the 

direction of the maximum slope. The location (E, N, H) of the camera at the moment of each 

exposure was routinely computed as part of the photogrammetric bundle adjustment (Agisoft 

LLC, 2011) and was exported from the photogrammetry software for use in the analysis. The 

ALS data were used to calculate CC, CD and maximum plot height metrics. 

 

2.2.3.3 Analysis of the effects of occlusion on AP point cloud data 

All points above a normalised height of 2.0 m falling within the actual plot radius were 

extracted from the ALS and AP point clouds to exclude strikes from ground and lower 

vegetation (such as bushes and shrubs). The ALS sampling density is relatively low (1.94 

points per m2); the AP sampling density is much higher (between 27 and 120 points per m2, 

depending on the photogrammetric processing strategy (Table 2.1)). Gaps in the ALS data will 

occur in the spaces between strikes or if the reflected signal from foliage, a branch or stem is 

too weak to be detected. Gaps in the photogrammetric data will occur if the photogrammetric 

solution is unable to image-match conjugate points in multiple photographs, and the number 

and location of these gaps – even for the same set of aerial photography and ground control – 

will be affected by the photogrammetric processing strategy employed. Analysis of the ALS 

and AP point clouds also require that the physical dimensions of each measurement technique 

are taken into account. The footprint diameter of a single ALS strike onto vegetation or terrain 
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was 0.22 m. The footprint diameter of the AP point cloud corresponds with the GSD of the 

imagery and was 0.13 m. 

 

In order to identify areas that were either ‘always mapped’ or ‘always missed’ by the AP point 

clouds, irrespective of the process by which the dense point clouds were generated, we buffered 

each of the points with a radius of 0.065 m to mimic the AP ground sampling distance (GSD) 

of 0.13 m. As noted, the quality setting applied in the SfM software determines the resolution 

at which images are matched. However this is only one of a number of factors that influence 

the density of the resulting point cloud and often may not be the major influence. Rather, the 

density of the point cloud might predominantly be determined by whether a patch of canopy is 

conducive to image matching. For these reasons, the smallest reasonable buffer was 

consistently applied for all AP data sets. The buffer boundaries, in each of the DEF, MILD and 

ULTRA processes were then dissolved to simulate an area covered by the AP point cloud 

datasets. 

 

Computed AP point cloud coverages derived from the DEF, MILD and ULTRA processes 

were combined to identify common areas that were ‘always mapped’ by AP. These ‘always 

mapped’ areas were then subtracted from the plot area to identify areas that were ‘always 

missed’, irrespective of the process (DEF, MILD, ULTRA). Always missed areas smaller than 

1 m2 were not considered in this analysis. We also identified areas which were ‘occasionally’ 

missed in each of the DEF, MILD and ULTRA process, however, these were not indicative of 

any strong pattern and were excluded from further analysis. Figure 2.3 shows the 

methodological workflow to identify ‘always mapped’ and ‘always missed’ areas. 
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Figure 2.3 Methodology to identify ‘always mapped’ and ‘always missed’ areas in the aerial 

photography point clouds. DEF, MILD, ULTRA, process names (see Table 2.1) 

 

2.2.3.4 Comparison of canopy metrics  

Following the analysis of vertical profiles, penetration and the effect of occlusion, canopy 

metrics (Table 2.2) were computed from the DEF, MILD and ULTRA point clouds and 

compared with the corresponding metrics from ALS. A combination of these metrics is used 

in statistical models to predict inventory metrics e.g. stem density, total standing volume and 

basal area (Bohlin et al., 2012; Rahlf et al., 2015). Errors/inaccuracies in the canopy metrics 

are likely to influence one or more inventory metrics. Differences between canopy metrics 

computed from ALS and the three AP processes (DEF, MILD, ULTRA), and among the DEF, 

MILD and ULTRA were evaluated using Root Mean Squared Error (RMSE) (eq.  2.1) and 

Bayesian data analysis. Lower RMSE values are indicative of better agreement with the ALS 

metric. 

 

𝑅𝑀𝑆𝐸 = √
∑ (𝑦𝑖 − �̂�𝑖)2𝑛

𝑖=1

𝑛
 eq.  2.1 

 

where, n is the sample size (i.e. number of plots), 𝑦𝑖 is the ALS reference value for observation 

i, and ŷi is the corresponding value calculated from AP point cloud data. 

 

Bayesian analysis was used to examine whether the canopy metrics computed from the four 

point clouds were significantly different. Bayesian analysis was performed in R software 

environment using BEST (Bayesian Estimation Supersedes t-Test (Kruschke, 2013)) package. 

 

AP point cloud
(DEF, MILD, ULTRA)

Buffered point 
cloud

(DEF, MILD, ULTRA)

Dissolved buffers
(DEF)

Dissolved buffers
(MILD)

Dissolved buffers
(ULTRA)

Always missed
(>1 m2)

Intersection Always mapped

Union

Total plot area
Erase
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The Bayesian method employed is an alternative to the frequentist t-Test and used Markov 

Chain Monte Carlo (MCMC) (BESTmcmc function) to estimate parameter values. These 

parameters are group means (µ1, µ2) and their differences, group standard deviations (σ1, σ2) 

and their differences, the normality (ν) of the data and credible values (similar to confidence 

intervals in t-Test) for the effect size. Hence, it results in more direct and richer information 

than a simple p value (Kruschke and Liddell, 2017). Also, unlike t-Test, Bayesian analysis 

accounts for outliers in the data i.e. it can handle data that is not normally distributed. Of 

particular interest in Bayesian estimation is the magnitude of the difference between group 

means (µ1 and µ2) calculated from MCMC samples. Similar to a two-tailed t-Test, differences 

between the means can be considered significant if the ‘percentage of MCMC samples greater 

than zero’ (%MCMC > 0) is greater than 97.5% (µ1 > µ2) or when the ‘%MCMC > 0’ is less 

than 2.5% (µ1 < µ2) (Kruschke, 2013; Moroni et al., 2017). Mathematically, it can be expressed 

as shown in eq.  2.2. 

 

Significant Difference = 2.5% > (%MCMC > 0) > 97.5% eq.  2.2 

 

Table 2.2 Canopy metrics calculated using airborne laser scanning and aerial photography point 

clouds generated using DEF, MILD and ULTRA processes. Height cut-off of 1.3 m was applied when 

calculating these metrics 

Canopy 

metric 

Definition Canopy 

metric 

Definition 

min Minimum height p99 99th percentile height 

max Maximum height b10 % points between height cut-off and 10% of 

maximum height 

avg Average height b20 % points between height cut-off and 20% of 

maximum height 

qava Average square height b30 % points between height cut-off and 30% of 

maximum height 

std Height standard deviation b40 % points between height cut-off and 40% of 

maximum height 

ske Skewness b50 % points between height cut-off and 50% of 

maximum height 

kur Kurtosis b60 % points between height cut-off and 60% of 

maximum height 

p01 1st percentile height b70 % points between height cut-off and 70% of 

maximum height 



26 

 

p05 5th percentile height b80 % points between height cut-off and 80% of 

maximum height 

p10 10th percentile height b90 % points between height cut-off and 90% of 

maximum height 

p25 25th percentile height d00 Point density at height cut-off to 5 m 

p50 50th percentile height d01 Point density at 5–10 m 

p75 75th percentile height d02 Point density at 10–20 m 

p90 90th percentile height d03 Point density at 20–30 m 

p95 95th percentile height d04 Point density at 30–50 m 

aSum of the average of squared heights = ∑ 𝑥2 𝑛⁄  

 

2.3 Results 

2.3.1 Comparison of vertical profiles of ALS and AP point cloud datasets along a transect  

In this study, vertical profiles along a transect were analysed for 16 out of 105 plots. As 

example, Figure 2.4 (a – f) illustrate vertical profiles of six plots only. The DEF, MILD and 

ULTRA AP datasets are substantively in agreement; the upper parts of the canopy defined by 

these three datasets are in close agreement with those indicated by the ALS data. As expected, 

the ALS has a substantially higher number of returns from the middle and lower canopy, and 

penetrated through the canopy to the ground except in regions where the canopy is denser or 

has sub-canopy trees. In comparison with the ALS, some high points on the P. radiata were 

missing in the AP point clouds; shown for example by blue circles in Figure 2.4a, b and c (i.e. 

Plots PHI41, MRI30 and EAI10). Treetops are usually neither in shadow nor occluded, which 

means they might be expected to appear in the AP point cloud, particularly because of the high 

spatial resolution of AP. Comparing the three AP datasets: 

 

• in the PHI plots, the ULTRA strategy captured isolated high points in the canopy better 

than the DEF and the MILD processes; shown for example by the areas circled in red 

in Figure 2.4a (i.e. Plot PHI41). In the EAI and MRI plots, the ULTRA process not only 

captured high points in the canopy (red circles in Figure 2.4e and f, i.e. Plots MRI29 

and EAI9) but also penetrated deeper than the DEF and MILD processes; shown for 

example by green circles in Figure 2.4 b, c and e (i.e. Plots MRI30, EAI10 and MRI29); 

• the MILD process appears to have better penetrated the canopy than the DEF and 

ULTRA processes only in PHI plots; shown for example by the area circled in green in 
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Figure 2.4d (i.e. Plot PHI1). The number of MILD hits in the lower canopy, however, 

are very few. 

 

 

Figure 2.4 Overlay of the point clouds from airborne laser scanning (ALS) and aerial photography 

data, along transects. Red dots, ALS; blue dots, DEF; green dots, MILD; orange dots, ULTRA 

 

2.3.2 Penetration of ALS and AP point cloud datasets through the canopy: the influence of 

increasing canopy cover, slope and camera location  

Figure 2.5 (a – p) illustrates the effect of canopy cover, slope direction and magnitude, and 

camera positions on the penetration through the canopy for each of the point clouds in 16 plots. 

Bar charts in Figure 2.5 are arranged in order of increasing canopy cover. 

 

 

(a) (b) (c)

(d) (e) (f)
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Figure 2.5 Proportion of points (%) in normalised height bins for airborne laser scanning (ALS) and 

each of the aerial photography datasets (DEF, MILD and ULTRA). Graphical insets show the 

relationship between plot location (grey circle), slope direction (black arrow) and camera locations 

(red dots) CC, canopy cover; CD, canopy density; Max. Ht, maximum height; Slope (°), terrain slope. 

Dark orange bars, ALS; blue bars, DEF; pale orange bars, MILD; green bars, ULTRA 
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The bar charts in Figure 2.5 (a – h) illustrate the high percentage of AP points located in the 

upper canopies in the PHI plots, consistent with successful image matching of the canopy either 

in the region of the top of the tree or on lower surface regions of the approximately conical 

outer regions of the tree. Of note is the high similarity of the bar charts at each plot for the three 

AP processing strategies (DEF, MILD, and ULTRA). This is consistent with observations for 

the profiles in Figure 2.4 and indicates that the AP point clouds are not substantially affected 

by the selection of processing strategy. The capacity of the ALS to penetrate to terrain is also 

clear; in the PHI plot with highest canopy cover (Figure 2.5h, CC=94.9%, Plot PHI3) about 

18% of ALS strikes are in the 0-5 m bin, while in the plot with the lowest canopy cover (Figure 

2.5a, CC=75.9%, Plot N16) about 35% of the ALS strikes are in the 0-5 m bin. A similar trend 

is also observed in the EAI and MRI plots (e.g. Figure 2.5o, CC=99.4%, Plot EAI9; and Figure 

2.5p, CC=99.7%, Plot MRI30). Most of the AP points in the EAI plots are in height bins above 

10 m; whereas, in the MRI plots, points are mostly in height bins above 15 m. 

 

In contrast, a consistent correlation between canopy cover and the percentage of AP points 

penetrating to terrain is not apparent. For example, in Figure 2.5c (Plot TUL11, CC = 86.9%) 

there are no points in the height bin of 0-5 m; whereas, in Figure 2.5g (Plot PHI1, CC = 93.9%) 

about 1% of points fall in the height bin of 0-5 m and in Figure 2.5e (Plot PHI2, CC = 91.9%) 

about 2% of points fall in the height bin of 0-5 m. Plots N16 and PC1 (Figure 2.5a and b) have 

the highest percentage of AP points in the 0-5 m height bin. Of note for these two plots is that 

the terrain is sloping towards the majority of camera stations, coupled with low canopy cover. 

In contrast, for plots TUL11, PHI25, PHI41 and PHI1 (Figure 2.5c, d, f and g) the terrain is 

sloping away from the majority of camera stations and there is higher canopy cover. In the case 

of EAI10 (Figure 2.5m), the terrain slope is quite high (13°) and there appears to be a strong 

camera viewing geometry, there is nevertheless very low penetration of the AP point cloud to 

the ground even though there is a high camera-facing slope (13°). These EAI stands were 

neither pruned nor thinned, which may explain the low penetration to the ground.  

 

The terrain slope of plot EAI9 (Figure 2.5o) is more than twice the slope of EAI10 (Figure 

2.5m), but otherwise the canopy cover, camera positions relative to the plot, and the direction 

of the slope direction are very similar to that of EAI10 (Figure 2.5m). The higher slope may 

explain the slightly greater penetration of AP point clouds to the lower height bin (0 – 5 m). 
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Another example of the influence of canopy cover, slope and camera location on penetration 

of AP point clouds through the canopy is apparent in MRI29 (Figure 2.5j) and MRI30 (Figure 

2.5p). Although the canopy cover, camera positions and slope direction in these two MRI plots 

are similar, the slope (14°) in MRI29 (Figure 2.5j) is higher than that of MRI30 (4°) (Figure 

2.5p). In the case of MRI29, the slope is higher and facing away from majority of the camera 

stations, and there are fewer points in 15 – 20 m height bin. The relationship between camera 

locations and the direction and magnitude of terrain slope appears, not surprisingly, to influence 

the capacity of AP to penetrate the vegetation. 

 

2.3.3 Effects of occlusion on AP point cloud data 

Figure 2.6 shows an example of areas covered by original point cloud data (a) and the buffered 

point cloud data (b). The latter aided in identifying the ‘always mapped’ and ‘always missed’ 

areas in the AP point cloud data. 

 

 

Figure 2.6 (a) Orthographic aerial photo overlaid with aerial photography point cloud and airborne 

laser scanning (ALS) data to show reduction in gaps with increasing point density. Blue, DEF; 

yellow, MILD; green, ULTRA; red, ALS. (b) Orthographic aerial photo overlaid with dissolved 

buffers to identify ‘always mapped’ and ‘always missed’ areas. Blue, DEF; yellow, MILD; green, 

ULTRA 

 

Figure 2.7 illustrates an example of ‘always mapped’ and ‘always missed’ areas. Areas which 

were always mapped are shown in green polygons; whereas, those which were always missed 

(a)

(b)
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are shown in red polygons. The ‘always mapped’ and ‘always missed’ areas were identified in 

all the 16 plots. 

 

 

Figure 2.7 Example of ‘always missed’ and ‘always mapped’ areas in aerial photography data. (a) 

Plot canopy. (b) Aerial photography point cloud. Green, regions always mapped; red, regions always 

missed. (c) Empty red polygons, areas always missed; blue circles, well-illuminated portions of the 

canopy with no pointcloud data due to the effect of occlusions. In each panel, pink circle, actual plot 

radius (12 m); yellow dashed circle, 5 m buffer 

 

Our analysis of the regions marked as ‘always missed’ (e.g. red polygons in the right-hand pane 

in Figure 2.7) showed that these areas are associated with one of three different conditions, 

either: a) a region lacking canopy cover and so with bare earth visible (red circle in Figure 2.8), 

b) a region of canopy or bare earth not visible in the photography due to very low light 

conditions (green circle in Figure 2.8), or in some cases, c) regions of well-illuminated canopy 

but not visible to multiple photographs due to occlusions (blue circles in Figure 2.7).  

 

(a) (b) (c)
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Figure 2.8 ‘Always missed’ areas in aerial photography. (a) Orthophotograph of plot PHI25. Pink 

circle, actual plot radius (12 m); yellow dashed circle, 5 m buffer; red lines, transect used to extract 

the vertical profile from the ALS; blue lines, transect used to extract the vertical profile from aerial 

photography point cloud; red circle, area of no trees; green circle, area in shadow. (b) Airborne 

laser scanning (ALS) and aerial photography point-cloud data overlaid. Red dots, ALS; blue dots, 

DEF; green dots, MILD; orange dots, ULTRA. Red circle, area of no trees; green circle, area in 

shadow 

 

2.3.3.1 Effect of shadowing and occlusion 

Figure 2.9a shows an example of a transect through the well-illuminated regions in Figure 2.7. 

Considering the locations of camera stations, it is apparent that treetops have occluded portions 

of the canopy (blue ovals in Figure 2.9b). 

 

(a) (b)
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Figure 2.9 Plot PC1 showing occlusions from high neighbouring trees. (a) Orthophotograph. Pink 

circle, actual plot radius (12 m); yellow dashed circle, 5 m buffer; red polygons, ‘always missed’ 

areas; blue circles, well-illuminated portions of the canopy; arrow head of orange dashed line, 

direction of camera viewing angle. Inset, grey circle, plot location; black arrow, slope direction; red 

dots, camera locations. (b) Vertical profile extracted from AP point-cloud data along a transect 

(orange dashed line in (a)). DEF, MILD and ULTRA data are combined. Blue ovals, missing portions 

of the canopy opposite to the camera location 

 

The potential for occlusion demonstrates the need to consider the absolute height of 

neighbouring trees when inspecting the AP point cloud rather than normalised height. For 

example, as shown in Figure 2.10a, tree A is lower than tree B in the normalised point cloud 

but examination of the absolute heights (Figure 2.10b) shows that tree A has the potential to 

occlude tree B. 

 

(a) (b)
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Figure 2.10 Influence of slope on relative tree height as a potential source of occlusion. (a) 

Normalised point-cloud data. (b) Raw point-cloud data. In each panel, red dots, data from airborne 

laser scanning; blue dots, data from aerial photography; red circles, tops of trees A and B. Plot Pre-

Harvest Inventory (PHI)3, slope 11° 

 

2.3.4 Comparison of canopy metrics 

RMSE and ‘percentage of MCMC chain greater than zero’ (‘%MCMC > 0’) computed from 

the DEF, MILD and ULTRA point cloud data, in all the 105 plots, are given in Table 2.3. 

RMSE values were used for the purpose of comparison only and not as a measure of error. The 

‘%MCMC > 0’ values were calculated directly from point cloud based canopy metrics and not 

from the RMSE values in Table 2.3. 

 

As shown in Table 2.3, the ULTRA process resulted in most of the lowest RMSE values; 

however, differences between the three processing strategies for each metric were very small, 

with b50…b90 as exceptions, where the differences between RMSE values were comparatively 

higher. RMSEs of the AP processes were higher for those metrics that are related to lower 

heights (close to ground) or to the density of points (e.g. min, qav, p01…p50, b10…b90, 

d01…d03). Metrics related to middle or upper canopy resulted in relatively lower RMSEs. This 

is evident, for example, from the percentiles’ RMSEs (Table 2.3): a decreasing trend between 

p01 through p90, which then follows a slightly increasing trend between p90 through p99. 

 

 

(a) (b)
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Table 2.3 Root mean squared error and %MCMC > 0 computed for the aerial photography point clouds 

generated using DEF, MILD and ULTRA processes. Airborne laser scanning is assumed as benchmark 

(n = 105). Values of % MCMC > 0 that indicate significant difference in datasets are given in bold. 

RMSE, root mean squared error; %MCMC > 0, percentage of Markov chain Monte Carlo greater than 

zero; ALS, airborne laser scanning; DEF, MILD, ULTRA, process names (see Table 2.1). [See 

Appendix 2.1 for a similar analysis using medium format photography (MFP) point cloud data] 

Canopy 

metric 

RMSE %MCMC > 0 

ALS vs DEF vs 

DEF MILD ULTRA DEF MILD ULTRA MILD ULTRA 

min (m) 7.76 7.95 7.59 68.78 80.94 99.13 65.65 61.57 

max (m) 2.03 2.01 1.24 0.06 0.06 4.27 53.21 94.88 

avg (m) 2.40 2.40 2.43 99.96 99.98 99.99 49.78 52.47 

qav (m2) 82.97 82.60 82.90 99.89 99.89 99.90 49.91 51.00 

std (m) 2.06 2.07 2.04 0.00 0.00 0.00 50.70 48.60 

ske (m) 0.62 0.62 0.60 31.59 47.56 96.24 64.59 97.64 

kur (m) 2.29 2.09 1.88 99.47 97.93 75.21 31.63 7.00 

p01 (m) 8.69 8.81 8.77 100.0 100.0 100.0 55.93 68.70 

p05 (m) 6.75 6.59 6.91 100.0 100.0 100.0 43.28 57.72 

p10 (m) 5.58 5.55 5.51 100.0 100.0 100.0 49.89 58.94 

p25 (m) 3.86 3.83 3.76 100.0 100.0 100.0 48.01 43.15 

p50 (m) 2.16 2.15 2.08 99.89 99.89 99.82 50.24 45.17 

p75 (m) 0.97 0.97 1.01 91.14 91.02 92.17 49.90 53.09 

p90 (m) 0.40 0.39 0.41 49.61 49.38 60.19 49.67 61.08 

p95 (m) 0.67 0.67 0.48 24.75 25.15 40.05 50.03 66.62 

p99 (m) 1.31 1.32 0.91 2.07 2.02 11.10 49.68 80.20 

b10 (%) 3.61 3.66 4.19 0.00 0.00 0.00 3.60 3.53 

b20 (%) 6.00 6.01 6.46 0.00 0.00 0.00 23.36 9.80 

b30 (%) 9.84 9.79 9.88 0.00 0.00 0.00 40.69 44.57 

b40 (%) 14.51 14.32 13.75 0.00 0.00 0.00 52.00 44.23 

b50 (%) 19.67 19.46 18.13 0.00 0.00 0.00 52.49 64.03 

b60 (%) 27.31 27.24 24.18 0.00 0.00 0.00 51.84 83.69 

b70 (%) 33.47 33.31 27.26 0.00 0.00 0.00 51.92 94.17 

b80 (%) 26.25 25.80 15.85 0.00 0.00 0.00 56.35 99.61 

b90 (%) 6.03 5.83 2.31 0.00 0.00 0.41 69.17 99.72 

d00 (%) 3.46 3.49 3.84 0.00 0.00 0.00 9.55 3.37 

d01 (%) 7.06 7.08 6.76 0.00 0.00 0.00 49.09 80.41 

d02 (%) 16.68 16.79 16.01 39.90 41.20 50.12 51.15 58.42 

d03 (%) 24.82 24.84 23.85 100.0 100.0 100.0 50.08 45.13 

d04 (%) 2.95 2.91 3.15 0.18 0.18 5.51 51.27 89.24 



36 

 

 

Bayesian estimation was used to test for the significance of differences between canopy metrics 

computed from ALS and the three AP processes (DEF, MILD and ULTRA) (Table 2.3). 

Differences are statistically significant when ‘%MCMC > 0’ > 97.5% (i.e. µ1 > µ2) or when 

‘%MCMC > 0’ < 2.5% (i.e. µ1 < µ2) (Kruschke, 2013). 

 

Canopy metrics associated with lower heights or density of points (e.g. p01…p50, p99, 

b10…b90, d00, d01, d03 and d04) computed from AP point cloud data were found to be 

significantly different from those computed from the ALS point cloud. Standard deviation (std), 

which is highly influenced by the minimum and maximum height values, was also found to be 

significantly different from ALS std: indicative of lower or no penetration through the canopy 

and thus high variance. This is further explained by percentiles between p01 through p50 which 

are significantly different from ALS. No significant differences were found between the 

remaining metrics: those mainly associated with the mid-to-upper canopy.  

 

Similarly, to evaluate the significance of differences between canopy metrics computed from 

the three AP processing strategies, Bayesian estimation was applied to the AP point cloud 

metrics assuming DEF as a benchmark. Results show that there were no significant differences 

between metrics computed from the three AP processes. The only exceptions being b80 and 

b90, due to the very high point density of ULTRA process compared with DEF and MILD. 

Metrics that were significantly different are given in bold text (Table 2.3). 

 

The data was also split into age-based PHI, MRI and EAI to analyse the sensitivity of these 

metrics to age classes. Generally, results were similar to those in Table 2.3 (‘%MCMC > 0’). 

The only notable difference was that neither of the three AP processing strategies was in 

agreement with the ALS-based min height metric in the EAI and MRI age class. All the AP 

processing strategies, however, showed good agreement with the ALS-based min height metric 

in the PHI stratum. 

 

2.4 Discussion 

2.4.1 Comparison of vertical profiles of ALS and AP point cloud data along a transect 

The capability of ALS to penetrate dense canopies was demonstrated in all plots (n=16). The 

canopy cover ranged from 76% - 99%; multiple returns from within the canopy are apparent in 
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the vertical profiles and the terrain was sampled at densities ranging from 1.4 points/m2 to 2.4 

points/m2. AP-derived points from within the canopy are largely absent, with the vertical 

profiles showing that AP points at lower heights are from the canopy surface between tree 

locations or on terrain where that is visible from multiple photographs. AP data penetrated 

deeper into the canopy surface between trees when camera viewing angle, canopy cover and 

slope were in a favourable combination. Due to the high density of the AP point clouds 

(especially for the ULTRA processing strategy), when regions of the canopy were successfully 

mapped the density of AP points was very high compared with ALS point cloud data. However, 

as noted there were discontinuities in the AP data where a part of the canopy was either in 

shadow (due to a neighbouring tree shading sunlight) or occluded (with one or more 

neighbouring trees obscuring the canopy in one or more photographs). These conditions are 

illustrated in Figure 2.8 and Figure 2.9: with an area of shadow shown by the green circle in 

Figure 2.8, and occlusions shown by the blue ovals in Figure 2.9b, and explain the observations 

noted by Straub et al., (2013).  

 

In some cases where high points on the P. radiata were detected by the ALS but were missing 

in the AP point clouds (blue circles in Figure 2.4b and d), there are two likely explanations: i) 

horizontal uncertainty in the ALS data or ii) movement in the treetops between photographs 

due to wind. 

 

The combined effect of horizontal uncertainty in ALS data and the wider vertical profile used 

for the ALS data influences interpretation of the vertical profiles. ALS returns appearing in the 

profile may be reflected from forest structure that is outside the region of the AP’s vertical 

profiles. For example, in Figure 2.4 the high points circled in blue may be from outside the 

narrower AP transect. Wind speed in the study area, at the time aerial photography was 

acquired, was 6-9 km/h. This may have moved the treetops between photographs; for 

photographs both along a flight line as well as between flight lines, causing inconsistencies in 

their location within images resulting in their exclusion from the AP point cloud (White et al., 

2013a). 

 

Comparing the DEF, MILD and ULTRA processing strategies, slight visual dissimilarities 

were observed (consistent with the observations of Puliti et al., (2015)). The MILD process 

showed greater penetration through the canopy in 3 out of 8 PHI plots only; however, the 
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number of points close to the ground remained insignificant. In most cases (10 out of 16 plots), 

the ULTRA processing strategy, with its significantly higher point density, mapped the canopy 

in more detail than the DEF and MILD strategies, resulting in a more detailed representation 

of the outer envelope of the canopy with fewer gaps between points. 

 

2.4.2 Penetration of AP point cloud datasets through the canopy: the influence of canopy 

cover, terrain slope and camera location 

The vertical distribution of points generated from AP using the DEF, MILD and ULTRA 

processes were comparable. The extent to which the AP data penetrated deeper into the canopy 

is influenced by canopy cover, terrain slope and camera position. It is apparent from our trial 

plots that a sparse canopy cover on a steep slope, with the aspect of that slope directed towards 

camera stations, improves penetration (e.g. Figure 2.5a, b and o). Conversely, a dense canopy 

on a slope with aspect facing away from camera stations has reduced penetration. For example, 

plots PHI1 and PHI2 (Figure 2.5g and e) have high canopy cover (93.9% and 91.9%, 

respectively) but are on steep slopes (8˚ and 10˚, respectively) at an angle (rather than 

perpendicular) to the camera stations and there is evidence of penetration to terrain (0-5 m 

height bin). In contrast, plot PHI3 (Figure 2.5h) also has a high canopy cover (94.9%) but is on 

a steep slope (11˚) with the aspect directed away from camera stations, and there is almost no 

penetration into the canopy. Generalising these observations, penetration will be improved 

when the canopy cover is sparse and when camera locations minimise highly oblique view of 

the canopy surface or terrain. A similar trend is also illustrated in White et al., (2015), however, 

not explicitly related to camera locations. 

 

2.4.3 Effects of occlusion on AP point cloud data 

As noted in Figure 2.8, the lack of AP points in regions with bare earth visible (red circle in 

Figure 2.8) is attributed to the 2.0 m height cut-off which was applied to exclude low vegetation. 

A lack of AP points in the regions of very low light conditions (green circle in Figure 2.8) is 

expected because insufficient optical texture is available to reliably match conjugate images. 

We attribute a lack of AP points in some regions that appear to be well-illuminated canopy 

(blue circles Figure 2.7) to the effects of occlusion from nearby trees. 

 

Occlusions occur when a part of the canopy is not visible to one or more camera stations 

because the line of sight is obstructed (occluded) by neighbouring higher trees (as shown in 
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Figure 2.10). In Figure 2.9a (i.e. plot PC1), blue circles in the orthophotos indicate regions of 

the canopy that appear to be well-illuminated but that are not represented in the AP point cloud 

(shown as ‘always missed’ by the red polygons). Examination of the location of camera stations 

(inset in Figure 2.9a) and a transect passing through the two blue circles (Figure 2.9a) show 

that these areas were occluded (Figure 2.9b). Occlusions, therefore, might result in partially or 

even completely missing out trees and their associated metrics from inventory (as detailed in 

the following section). Similarly, our observations add to those in Straub et al., (2013) that 

shorter neighbouring trees have the potential to occlude taller trees (Figure 2.10), which 

necessitates careful analysis of the raw as well as the normalised point cloud datasets to 

understand the effects of occlusion. 

 

The effects of occlusion were less pronounced in the EAI plots, which can be explained by the 

comparatively smoother – more continuous – structure of its upper canopy, higher canopy 

cover and high stocking (1100 sph). 

 

2.4.4 Comparison of canopy metrics 

Canopy metrics computed from the DEF, MILD and ULTRA point clouds showed good 

agreement with the benchmark metrics (ALS) except for the metrics associated with lower 

heights (close to ground). This demonstrated the limited or no penetrative ability of the AP 

based point clouds (e.g. min, std, p01…p50). Disagreement between the ALS and AP in case 

of p99 can be attributed to the missing treetops (illustrated in Figure 2.4(a, b, c)) in multiple 

plots. Also, metrics associated with the density of points (e.g. b10…b90, d00, d01 and d003) 

were significantly different from the corresponding metrics computed from ALS point cloud. 

Bincentiles (b10…b90) are the percentages of points between a height cutoff value and a 

percentage of the maximum height value in a point cloud. Significant differences between the 

bincentile metric from ALS and AP point cloud are due to the higher point densities of AP 

point cloud data compared with ALS point cloud (Table 2.1). It was also noted that the AP-

based min height metric differed significantly from the ALS in EAI and MRI plots; however, 

it showed good agreement in the PHI plots. This can be attributed to the relatively open canopy 

in the PHI plots (400±50 sph) compared with MRI (550±50 sph) and EAI (1100 sph). 

Comparing the three AP processes, differences between metrics were not significant which 

demonstrated robustness of the photogrammetric process of generating point cloud data from 

AP in all the three strata (PHI, MRI and EAI). The two AP based metrics that were significantly 
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different from the DEF and MILD strategy were b80-ultra and b90-ultra: metrics associated 

with the density of points. Average point density of the ULTRA was about ~5 times that of the 

DEF and MILD, which might have influenced b80 and b90. Based on our results, it is 

reasonable to propose that key stand inventory attributes derived from AP will not differ 

significantly from those derived from ALS and, particularly, that changing the 

photogrammetric point cloud strategy is unlikely to significantly influence inventory estimates 

derived from the canopy metrics. The robustness of the AP point clouds to photogrammetric 

processing strategy is an encouraging result for plantation managers considering the adoption 

of aerial photography as an alternative source of such data. 

 

2.5 Conclusion 

This study has characterised and compared AP point cloud data derived from airborne small-

format digital photography over a P. radiata plantation forest. The results demonstrate that 

SfM-MVS photogrammetry is capable of producing a point cloud that in large-part represents 

the canopy. Failures of the photogrammetry are attributed to regions of the canopy that are in 

deep shadow, regions of the canopy that are occluded by higher neighbouring trees, and a 

failure to reliably map the top of some stems likely caused by movements of these stems 

between photographs due to wind. Comparison of ALS data and AP data is complicated by the 

relatively low horizontal accuracy of ALS data. We emphasise that the horizontal uncertainty 

of ALS needs to be considered when comparing ALS and AP point cloud data (or their derived 

products e.g. DSMs) because this uncertainty may lead to statistical errors, especially as 

attention focuses increasingly on tree level analyses. 

 

The methodology used in this study can be easily employed for other species and stand 

conditions, and for other sensor types, sensor platforms and flight plans, and for other SfM 

software options, and therefore used to assess the performance of SfM-MVS photogrammetry 

for a variety of forest structure and photo acquisition and processing combinations. For the P. 

radiata plantation investigated in this study and the processing software and strategies 

employed, the results indicate that the quality of canopy surface data is generally high.  

 

Observations concerning the loss of data in deeply shadowed parts of the canopy, loss of data 

due to occlusions, and the influence of terrain slope can be used to inform flight planning, 

including the choice of camera image format, focal length, flying height, forward and side 
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overlap, flight line orientation relative to terrain, the additional flight lines outside of the region 

of interest in order to ensure good geometry, and sun angle (time of photo acquisition). 

 

An encouraging finding was that the AP point clouds were largely similar for three different 

photogrammetric processing strategies, suggesting that downstream processing of AP point 

clouds for inventory estimation may be robust to the choice of processing strategy. Moreover, 

AP based point clouds demonstrated a promising performance in EAI, MRI and PHI age classes: 

signifying its applicability through all the stages of forest inventory. The next phase of this 

research is to compare forest inventory derived from AP and ALS point clouds. This is expected 

to further inform the application of photogrammetric methods for canopy mapping and forest 

inventory. 

 

Finally, although our study compared the performance of AP and ALS point clouds, we concur 

with White et al., (2016) in that the potential synergies arising from combining AP and ALS 

data have yet to be fully realized for operational applications by the forestry sector. 

 

 

 

 

 

 

  



42 

 

Appendix 2.1 

Table 2.4 Root mean squared error and %MCMC > 0 computed for the medium-format aerial 

photography point clouds generated using DEF, MILD and ULTRA processes. Airborne laser scanning 

is assumed as benchmark (n = 105). Values of % MCMC > 0 that indicate significant difference in 

datasets are given in bold. RMSE, root mean squared error; %MCMC > 0, percentage of Markov chain 

Monte Carlo greater than zero; ALS, airborne laser scanning; DEF, MILD, ULTRA, process names 

(see Table 2.1) 

Canopy 

metric 

RMSE %MCMC > 0 

ALS vs DEF vs 

DEF MILD ULTRA DEF MILD ULTRA MILD ULTRA 

min (m) 11.27 11.17 11.05 100.0 100.0 100.0 46.54 54.23 

max (m) 2.17 2.24 1.60 0.01 0.00 0.25 40.56 83.35 

avg (m) 3.66 3.66 3.68 100.0 100.0 100.0 50.04 51.07 

qav (m2) 130.99 130.39 129.16 100.0 100.0 100.0 49.62 48.73 

std (m) 2.85 2.85 2.90 0.00 0.00 0.00 49.49 42.21 

ske (m) 0.77 0.76 0.68 99.56 99.67 100.0 47.18 73.76 

kur (m) 3.46 3.56 1.96 8.50 7.09 13.60 62.69 73.38 

p01 (m) 11.83 11.81 11.97 100.0 100.0 100.0 49.17 64.24 

p05 (m) 9.61 9.64 9.85 100.0 100.0 100.0 52.90 63.02 

p10 (m) 8.05 8.04 8.12 100.0 100.0 100.0 49.23 52.20 

p25 (m) 5.44 5.43 5.38 100.0 100.0 100.0 49.39 46.05 

p50 (m) 3.21 3.20 3.17 100.00 100.0 100.0 50.01 47.01 

p75 (m) 1.63 1.63 1.62 99.14 99.14 99.14 50.31 49.12 

p90 (m) 0.59 0.60 0.67 74.79 74.51 77.11 50.11 53.45 

p95 (m) 0.47 0.48 0.51 41.87 42.07 46.70 50.61 55.42 

p99 (m) 1.18 1.19 1.05 2.81 2.57 5.21 48.14 60.49 

b10 (%) 5.87 5.88 6.12 0.00 0.00 0.00 50.73 50.06 

b20 (%) 8.98 9.07 9.41 0.00 0.00 0.00 50.17 50.17 

b30 (%) 13.05 13.14 13.48 0.00 0.00 0.00 49.18 48.80 

b40 (%) 18.83 18.90 18.89 0.00 0.00 0.00 45.01 20.85 

b50 (%) 25.57 25.69 25.04 0.00 0.00 0.00 51.19 55.58 

b60 (%) 34.67 34.85 32.82 0.00 0.00 0.00 45.42 89.36 

b70 (%) 42.29 42.87 38.18 0.00 0.00 0.00 43.95 87.38 

b80 (%) 36.22 36.53 27.81 0.00 0.00 0.00 43.31 98.12 

b90 (%) 9.27 8.99 4.21 0.00 0.00 0.00 30.91 99.91 

d00 (%) 5.27 5.31 5.56 0.00 0.00 0.00 49.65 50.33 

d01 (%) 7.96 7.99 7.84 0.00 0.00 0.00 48.56 48.75 

d02 (%) 20.25 20.20 19.91 17.04 17.75 19.18 51.34 53.20 

d03 (%) 31.21 31.16 30.97 100.0 100.0 100.0 50.42 51.16 

d04 (%) 6.50 6.36 6.14 0.03 0.02 0.26 48.48 74.71 
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Chapter 3 A comparison of area-based forest attributes derived from 

airborne laser scanner, small-format and medium-format digital aerial 

photography 

 

The research contained within this chapter has been published as Iqbal, I.A., Musk, R.A., 

Osborn, J., Stone, C., Lucieer, A., 2019. A comparison of area-based forest attributes derived 

from airborne laser scanner, small-format and medium-format digital aerial photography. 

International Journal of Applied Earth Observation and Geoinformation. 76, 231–241 

(Appendix 2). The work included in this chapter as Appendix 3.1 is not included in the 

published paper. 

 

Abstract: Forest inventory operations have greatly benefitted from remotely sensed data 

particularly airborne laser scanning (ALS) which has become a popular technology choice for 

large area forest inventories. For remote regions, for fragmented estates or for single stand-

level inventories ALS may be unsuitable because of the high cost of data acquisition. Point 

cloud data generated from digital aerial photography (DAP) is emerging as a cost-effective 

alternative to ALS. In this study we compared area-based forest inventory attributes derived 

from point cloud datasets sourced from ALS, small-format and medium-format digital aerial 

photography (SFP and MFP). Non-parametric modelling approach, namely RandomForest, 

was employed to model forest structural attributes at both plot- and stand-levels. The results 

were evaluated using field data collected at 105 inventory plots. At plot-level, the maximum 

difference among relative RMSEs of basal area (BA), top height (Htop), stocking (N) and total 

stem volume (TSV) of the three datasets was 2.46%, 0.55%, 13.29% and 2.53%, respectively. 

At stand-level, the maximum difference among relative RMSEs of BA, Htop, N and TSV of the 

three datasets was 3.86%, 1.25%, 7.85% and 6.04%, respectively. This study demonstrates the 

robustness of DAP across different sensors, and thus informs forest managers planning data 

acquisition solutions to best suit their operational needs. 

 

Keywords: Forest inventory; Pinus radiata; airborne laser scanning; digital aerial photography; 

photogrammetry; small-format photography; medium-format photography; image point cloud; 

Random Forest 
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Research highlights 

• Area-based forest inventory attributes are estimated from three point cloud datasets 

• Performance of ALS, small- and medium-format photography (SFP and MFP) is 

compared 

• Generally, all point clouds performed similarly in predicting forest attributes 

• Point clouds generated from SFP and MFP can be used in operational forest inventory 

• Photogrammetric solutions are robust, foresters may choose from a variety of sensors 

 

3.1 Introduction 

Forest inventories that provide standing product volume estimates in commercial forests 

increasingly combine field-based assessments with airborne remote sensing. In the past few 

decades, Airborne Laser Scanning (ALS) has become a particularly popular technology choice 

for large-area inventories (White et al., 2016). The capability of ALS to retrieve data from 

throughout the forest canopy and the ground below, its high spatial resolution (point density), 

and high vertical accuracy make it an effective tool to accurately characterise the three-

dimensional (3D) structural attributes of a forest (Maltamo et al., 2014). When paired with field 

measurements through a modelling process, plot-level data derived from an ALS point cloud 

data can be used to derive spatially explicit stand- or estate-level estimates of forest inventory 

(McRoberts et al., 2016; Næsset, 2002a). 

 

The drawback of employing ALS lies in the high cost of data acquisition, driven by the high 

fixed-cost of the technology and the need for manned aircraft. Typically, ALS-based inventory 

is undertaken at the regional- or estate-scale to amortise these costs over a large area (White et 

al., 2016). The technology is not well-suited to application in remote areas, small fragmented 

areas or single stand-level inventories. The deployment of ALS is also less attractive if a 

reliable digital terrain model (DTM) has previously been acquired, whether from an earlier 

ALS campaign or some other means, since the additional benefits of acquiring that DTM are 

now no longer a component of the cost-benefit decision. 

 

In contrast, the deployment costs for an aircraft equipped with a digital camera are considerably 

lower and Digital Aerial Photography (DAP) is emerging as a potential alternative to ALS for 

forest inventory surveys (Bohlin et al., 2012; Puliti et al., 2017). The capability of DAP to 

compete with ALS is mainly driven by the advances in digital camera technology (increasingly 
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high spatial resolution, high dynamic range, fast image cycle time), increased access to high 

performance computing, and developments in photogrammetric image-matching algorithms – 

particularly Structure-from-Motion Multi-View Stereopsis (SfM-MVS) (Haala and Rothermel, 

2012; Leberl et al., 2010; Stone et al., 2016). Aerial photography is often less expensive to 

acquire than ALS data; aerial photography can be acquired using a wide variety of light aircraft 

or UAV platforms; and unlike ALS, aerial photography does not rely on sophisticated on-board 

position and orientation sensors (GNSS and IMU instrumentation) since spatial geo-

referencing of derived point clouds can be based on either on-board sensors or can use ground 

control appearing in the photographs (Stone et al., 2016). A variety of commercial and non-

commercial software tools are available (Eltner et al., 2016) that employ SfM-MVS algorithms 

to generate dense point clouds from multiple overlapping photographs (Micheletti et al., 2015; 

Smith et al., 2016; Westoby et al., 2012). The resulting point clouds are normalised with a 

reliable DTM, which may be derived either from an earlier ALS campaign or using 

photogrammetric techniques at a time when the canopy cover is sparse. The normalised data 

are used to compute forest structural metrics and to estimate forest inventory with accuracies 

comparable to ALS (Bohlin et al., 2012; Caccamo et al., 2018; Hernández-Clemente et al., 

2014; Nurminen et al., 2013; White et al., 2016). 

 

A variety of digital cameras mounted on different aerial platforms are already routinely used 

for aspects of operational forest management. The combinations of flight planning parameters 

such as camera format (e.g. large, medium or small format), sensor dimensions, camera focal 

length, photo scale or ground sampling distance (GSD), aircraft platform, flying height and 

image overlap provide forest managers with increasing flexibility to optimise platform and 

sensor choices in order to acquire fit-for-purpose imagery at an optimum cost per hectare 

(Osborn et al., 2017). Studies comparing the performance of ALS- and DAP-based point clouds, 

acquired with a variety of sensors (mostly large or rarely medium format cameras), have shown 

promising results in a variety of forest environments – ranging from complex forest ecosystems 

(Straub et al., 2013; White et al., 2015) to managed, single-layered even-aged stands 

(Nurminen et al., 2013; Vastaranta et al., 2013). 

 

In a complex boreal forest environment (Ontario, Canada), Pitt et al., (2014) reported that the 

performance of ALS was better than DAP in estimating stand-level top height, basal rea, stand 

density and gross merchantable volume by a maximum of 8.1 percentage point (pp). Similarly, 
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in a spruce dominated mixed-forest (south-eastern Norway), Puliti et al., (2017) used structural 

and spectral variables as predictors and modelled species-specific plot- and stand-level volume. 

They found that ALS-based estimates were better than DAP-based estimates by less than 1 pp. 

In a complex coastal ecosystem (Northern Vancouver Island, Canada), White et al., (2015) 

reported that ALS outperformed the DAP-based estimates of plot-level Lorey’s mean height, 

basal area and volume by less than 5 pp. Stepper et al., (2015), in a multi-aged and multi-

layered forest site (north-western Bavaria), used various combinations of structural and spectral 

predictor variables derived from DAP to model growing stock volume with two different 

statistical approaches (linear regression and RandomForest). Consistent with previous studies, 

Stepper et al., (2015) reported plot- and stand-level DAP-based RMSE% values less than 36.02 

and 15.73, respectively. Comparing plot-level estimates of forest height, basal area, stocking 

and volume from ALS- and DAP-based point cloud data in a conifer-dominated forest, Ullah 

et al., (2017a, 2017b) and Kukkonen et al., (2017) found that ALS-based estimates were better 

than those from DAP by less than 13 pp. Similarly, in a conifer dominated primeval forest in 

south-eastern Poland, plot-level volume estimates from ALS were better than DAP by only 2.3 

pp (Hawryło et al., 2017). A detailed comparison of plot- and stand-level height, basal area, 

stocking and volume estimated from ALS and DAP point clouds for a young forest, a mature 

forest on poor sites and a mature forest on good sites showed that DAP based estimated were 

poorer than those from ALS by less than 9 pp and 5 pp at plot- and stand-level, respectively 

(Gobakken et al., 2015). In managed stands of pine and spruce, Bohlin et al., (2012) estimated 

stand-level tree height, basal area and stem volume using point cloud data generated from DAP 

acquired with three combinations of flying height and photo-overlap. On average they achieved 

RMSE% of 8.6, 13.6 and 13.1 for tree height, basal area and stem volume, respectively. They 

compared their results with an ALS-based study conducted at the same site (Holmgren, 2004) 

and found only small differences between ALS- and DAP-based estimates (<6 pp). In similar 

forest conditions, the plot-level difference between ALS- and DAP-based mean and dominant 

height, basal area and volume of growing stock was reported to be less than 9.6 pp (Järnstedt 

et al., 2012). In a single-layered even-aged forest, plot-level estimates of mean height and 

volume from ALS were reported to be better than DAP-based estimates by a maximum of 7 pp 

(Nurminen et al., 2013; Vastaranta et al., 2013). In a pine plantation (north-east Tasmania, 

Australia), Caccamo et al., (2018) reported that plot- and stand-level estimates of total 

recoverable volume from ALS and DAP point cloud differed by a maximum of 5.5 pp and 1 

pp at plot- and stand-level, respectively. 
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Several studies, including those mentioned above, have compared the performance of ALS and 

DAP-based point cloud data using a variety of parametric (Næsset, 2007; Næsset et al., 2005; 

Woods et al., 2011) and non-parametric (Hudak et al., 2008; Järnstedt et al., 2012; Packalén 

and Maltamo, 2007) methods for modelling forest inventory attributes. For details of statistical 

approaches typically employed in forest inventory modelling, see for example Brosofske et al., 

(2014) and White et al., (2017). There remain however significant gaps in our understanding 

of the robustness of photogrammetric solutions for different sensors and associated flight 

planning choices such as platform, flying height, ground sampling distance (Hawryło et al., 

2017). If DAP methods can be shown to be robust across different sensor formats and 

consequential flight planning design, then forest managers will be in a position to design and 

deploy solutions on a case by case basis that suit their operational needs.  This includes, 

significantly, the capacity to make decisions regarding camera format that will in turn provide 

greater capacity to employ cameras that allow choice between multi-rotor UAV, fixed-wing 

UAV, single engine light aircraft, or larger multi-engine aircraft. 

 

The objective of this research is to compare forest inventory attributes derived from ALS, 

small-format non-metric photography and medium-format metric photography. Basal area, top 

height, stocking and total stem volume are modelled using point cloud data sourced from each 

of these sensors and compared at both plot- and stand-level. 

 

3.2 Material 

3.2.1 Study area 

The study area, located in north-east Tasmania, covers a region of approximately 2,800 ha and 

is within a Pinus radiata plantation estate managed by Timberlands Pacific Pty Ltd (Figure 

3.1). Broadleaf trees (e.g. Eucalyptus, Pomaderris and Acacia spp.) are sporadically distributed 

throughout the plantation. The terrain is undulating, with an average slope of 13.4° and 

elevations ranging from 134 m to 520 m above sea level. The plantation is subdivided into 

management units called stands (Figure 3.1), each of which is subject to distinct silvicultural 

treatments. Tree spacing at the time of establishment is 3 m × 3 m with a stocking of ~1,100 

stems per hectare (sph). Pruning is undertaken in selected units. Initial thinning occurs between 

12 – 16 years dependent upon early age growth performance, leaving a residual stocking of 

~500 sph. A second thinning occurs 4 – 6 years thereafter resulting in a final pre-harvest 
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stocking between 350 and 450 sph. For the purpose of assessment and valuation, inventories 

are carried out at the three ages through the rotation: Early Age Inventory (EAI) occurs at 10 – 

12 years, Mid Rotation Inventory (MRI) occurs at 20 – 22 years and Pre-Harvest Inventory 

(PHI) occurs at 29 – 30 years. The stand metrics captured at each inventory are used to seed 

growth models that in turn are used to predict the stand metrics for each intervening year 

through to harvest. 

 

 

Figure 3.1 Location and map of the study area showing the spatial distribution of field plots within 

stand boundaries 

 

3.2.2 Data 

3.2.2.1 Field data 

A total of 105 fixed-radius sample plots were selected based on a systematic grid with a random 

origin and orientation at plot densities specified by Timberlands Pacific for field data collection. 

Plots were established within stands at ages corresponding to that at which inventories are 

typically deployed in the estate. The sampling intensities for the stands varied by inventory age, 

being one plot per 4.9 ha for the EAI stands, one plot per 2.0 ha for the MRI stands and one 

plot per 1.4 ha for the PHI stands. No attempt was made to sample across the whole age domain 

of the study area since the primary purpose of the study is sensor comparison rather than 
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domain description. Field data were collected in May 2015. Plot-centres were located in the 

field with sub-meter accuracy using a differential global navigation satellite system (GNSS). 

The radii of PHI, MRI and EAI plots were 12 m, 9 m and 8 m respectively, which accounted 

for the differences in mean stocking among the three age classes. In each of the field plots, 

diameter at breast height (DBH) greater than or equal to 8 cm of all live standing trees and 

height of at least 5 trees per plot – to capture height variability – were recorded. This field data 

was entered into PlotSafe (data collection software) for use in Yield Table Generator software 

package (YTGen, Silmetra, Tokoroa, New Zealand) to compute plot-level attributes such as 

basal area (G), top height (Htop), stocking (N) and total stem volume (V). Table 3.1 summarises 

description of the field plots in each age class, followed by Figure 3.2 illustrating the 

distribution of field attributes (hereafter referred to as response variables) for all three age 

classes. This population of plots therefore represents significant variations within the P. radiata 

plantation. 

 

Thirty-six ground control points (GCPs) were established across the study site. These were 

0.25×0.25 m reflective targets, fixed to ground pegs and geo-located using differential GNSS. 

The horizontal and vertical accuracies of these GCPs were 2 cm and 5 cm, respectively. These 

targets were used for geospatial control for both small- and medium-format photography. 

 

Table 3.1 Description of EAI, MRI and PHI plots. Value in percent is the proportion of plots out of the 

total number of plots 

 EAI MRI PHI 

Age (years) 10 – 12 20 – 22 29 – 30 

No. of plots 15 40 50 

% of total no. of plots ~14% ~38% ~48% 

No. of stands (no. plots within each 

stand) 

6 (4,4,3,2,1,1) 8 (18,5,5,4,3,2,2,1) 3 (40,8,2) 

Mean stand area in hectare 

(range) 

13.32 

(3.15 – 32.42) 

19.62 

(0.59 – 48.21) 

27.56 

(3.60 – 67.27) 

Plot radius (m) 8 9 12 

Stocking (N) ~1100 ~500 ~400 
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Figure 3.2 Boxplots showing the distribution of basal area (G), top height (Htop), stocking (N) and 

total stem volume (V) in all three age classes 

 

3.2.2.2 Remote sensing data 

Airborne Laser Scanning 

Small-footprint ALS data were acquired for the study area on 12th April 2015. A fixed-wing 

aircraft was flown at an average height of 1100 m above ground level. The ALS instrument on 

board was an Optech Pegasus, which recorded 4 returns per pulse (1st, 2nd, 3rd and last). The 

pulse repetition frequency was 100 kHz, resulting in an average point density and spacing of 

1.94 points m-2 and 0.72 m, respectively. The vertical and horizontal accuracies achieved 

(within 1 sigma) were 0.15 m and 0.55 m, respectively. ALS data were vertically adjusted by 

the data provider using approximately 150 terrain points. These terrain points were collected, 

in an approximate grid, at three well-distributed locations in open and generally flat terrain. 

Terrain points used for vertical adjustment were geo-located with real-time kinematic (RKT) 

GNSS. Finally, the ALS data were classified into ground and non-ground points by the data 

provider using a proprietary algorithm. 

 

Digital Aerial Photography 

Medium format photography (MFP) was captured, simultaneously with ALS data acquisition, 

with a PhaseOne P65+ (60.5 megapixels) full-frame medium-format digital-back camera. The 

focal length of the camera was 51 mm, resulting in a mean GSD of 0.13 m. A total of 859 

images were collected during 14 runs over the study area with a forward- and side-overlap of 

80% and 30%, respectively. 

 

Small format photography (SFP) was captured using a Canon EOS 5D Mark II (21 megapixels) 

digital frame camera on board a fixed-wing Cessna 206. The aircraft was flown at an average 
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height of 600 m above terrain on 6th February 2015. The focal length of the camera was 35 mm, 

resulting in a mean GSD of 0.11 m. A total of 1898 images were collected during 24 runs over 

the study area with a forward- and side-overlap of 75% and 60%, respectively. Technical 

specifications of the remotely sensed data are summarised in Table 3.2. 

 

Table 3.2 Technical specifications of remotely sensed data 

 ALS MFP SFP 

Sensor/Instrument Optech Pegasus PhaseOne P65+ Canon EOS 5D Mark II 

Acquisition date 12-APR-2015 12-APR-2015 06-FEB-2015 

Mean flying height (m) 1100 1100 600 

Forward overlap (%) - 80 75 

Side overlap (%) - 30 60 

Pulse repetition frequency (kHz) 100 - - 

Mean point density (m-2)a 1.94 22.26 27.61 

Mean GSD (m) 0.22b 0.13 0.11 

Number of flight lines 14 14 24 

Pixel size (µm) - 6.0 6.25 

Sensor dimensions (mm) - 53.9×40.4 36×24 

Focal length (mm) - 51 35 

abased on 105 plots; bfootprint diameter calculated from beam divergence and mean flying height  

 

3.3 Methods 

3.3.1 SFP and MFP point cloud generation 

Photogrammetric processing of SFP and MFP was undertaken using Agisoft Photoscan 

Professional (v1.2.6, build 2834). From each of the SFP and MFP, three point clouds were 

generated using different settings available in the software package. Previous experiments with 

processing strategies that comprised different combinations of key point limit, quality and 

depth filtering showed that the resulting point clouds did not differ significantly (Iqbal et al., 

2018). Point clouds generated using the default settings (DEF) were used to estimate core 

inventory attributes. Errors on GCPs, during initial alignment, were slightly smaller than 0.07 

m, 0.07 m and 0.05 m in E, N and Height, respectively. 

 

3.3.2 Predictor variables for modelling 

Plot-level raw point clouds were extracted from each of the ALS, SFP and MFP using an 

external buffer of 5 m in addition to the actual plot radii. ALS points classified as ground were 
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used to normalise the ALS, SFP and MFP datasets. Points with a normalised height below −0.5 

m and above 50 m were classified as noise points (n < 1%) and excluded from further analysis. 

A suite of 32 canopy metrics (Table 3.3), the predictor variables, were calculated from each of 

the three point cloud datasets using lascanopy (LAStools, 2015) applying a height threshold of 

1.3 m. Plot-level canopy cover was computed at 50% (covTH50) and 75% (covTH75) of the 

mean top height in each age class, which was measured in field. Mean top height in EAI, MRI 

and PHI age classes were 20.79 m, 30.22 m and 32.31 m, respectively. Canopy cover thresholds 

were separately calculated for each of the EAI, MRI and PHI to account for height variation 

among the three age classes. For stand-level forest attribute estimation, raster format metrics 

(Table 3.3) were computed on a cell size of 17 m × 17 m from each of the three point cloud 

datasets. Generally, the cell size of raster metrics is selected to correspond as close as possible 

to the field plot size (Magnussen and Boudewyn, 1998; Næsset, 2002a). As the field plots in 

the study area were of different sizes, the cell size for raster metrics was computed as the mean 

of the field plot sizes. Areas that extended outside the area of interest were excluded from the 

analysis. 

 

Table 3.3 A suite of canopy metrics calculated from the three point cloud datasets 

Canopy 

metric 

Definition Canopy 

metric 

Definition 

min Minimum height b10 % points between height cut-off and 10% of 

maximum height 

max Maximum height b20 % points between height cut-off and 20% of 

maximum height 

avg Average height b30 % points between height cut-off and 30% of 

maximum height 

qava Average squared height b40 % points between height cut-off and 40% of 

maximum height 

std Height standard 

deviation 

b50 % points between height cut-off and 50% of 

maximum height 

ske Skewness b60 % points between height cut-off and 60% of 

maximum height 

kur Kurtosis b70 % points between height cut-off and 70% of 

maximum height 

p01 1st percentile height b80 % points between height cut-off and 80% of 

maximum height 
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p05 5th percentile height b90 % points between height cut-off and 90% of 

maximum height 

p10 10th percentile height d00 Point density between height cut-off and 5 m 

p25 25th percentile height d01 Point density between 5 m and 10 m 

p50 50th percentile height d02 Point density between 10 m and 20 m 

p75 75th percentile height d03 Point density between 20 m and 30 m 

p90 90th percentile height d04 Point density between 30 m and 50 m 

p95 95th percentile height covTH50 Canopy cover calculated at 50% of mean top 

height 

p99 99th percentile height covTH75 Canopy cover calculated at 75% of mean top 

height 

aSum of the average of squared heights = ∑ 𝑥2 𝑛⁄  

 

3.3.3 Modelling and accuracy assessment 

A non-parametric modelling approach viz. Random Forest (RF) was applied to model the 

inventory attributes of interest. RF is an ensemble tree classifier that can be employed as a 

regression model with numerical response variables (Breiman, 2001). In RF modelling, a large 

number of different regression trees are grown using a randomised subset of training samples 

and predictor variables. The predicted value from the final RF model is the mean vote of all 

decision trees grown. Variables that reduce the mean squared error of a model are assigned a 

relatively higher importance. Two important parameters that need to be optimised in an RF 

regression are: i) the number of trees that are grown (ntree) and ii) the number of predictor 

variables selected at each node (mtry). 

 

Variable selection is generally not required in non-parametric modelling; however, we sought 

to build parsimonious and robust models by reducing the number of predictor variables. To 

reduce them we first flagged predictor variables with null variance or pairwise correlation 

coefficient ≥ |0.8|. Second, we constructed all possible multiple linear regression models for G, 

Htop, N and V and removed predictor variables with variance inflation factors ≥ 5 (Imdadullah 

et al., 2016; Zuur et al., 2010). Finally, we reconstructed all possible multiple linear regression 

models using the remaining subset of predictor variables and used Akaike’s Information 

Criterion (AICc) (Akaike, 1973; Sugiura, 1978) to identify the most parsimonious models and 

hence the best subset of predictor variables for further use. 
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For accuracy assessment, absolute and relative root mean square error (RMSE and RMSE%) 

and relative bias (bias%) (eq.  3.1 and eq.  3.2) were used to evaluate our models and enable 

comparison with other studies. RF models were iteratively cross-validated over one hundred 

runs to account for model estimation bias. 

 

𝑅𝑀𝑆𝐸% =

√1
𝑛 ∑ (𝑦𝑖 −  �̂�𝑖)2𝑛

𝑖=1

�̅�
 × 100 

eq.  3.1 

  

𝑏𝑖𝑎𝑠% =

1
𝑛 ∑ (𝑦𝑖 −  �̂�𝑖)𝑛

𝑖=1

�̅�
 × 100 

eq.  3.2 

 

where, n is the number of plots, 𝑦𝑖 and �̂�𝑖  are the observed and predicted (respectively) 

values of response variable for plot i, and �̅� is the mean of the observed values. 

 

For plot-level attribute estimation, at each run the plot data was randomly split into training 

and validation subsets (70% and 30%, respectively, of the overall plot data) using bootstrapping. 

The training and the validation samples were selected so that the ratio of 70% and 30% was 

preserved in each of the EAI, MRI and PHI age class according to their proportion in the overall 

plot data (Table 3.1). At each run a model was developed with the training subset and applied 

to the validation subset to evaluate the model output by computing RMSE, RMSE% and bias%. 

Means of the hundred RMSE% and bias% were calculated to assess prediction accuracies and 

systematic error, respectively, of the models at plot-level. Note that at each run the same 

training and validation samples were drawn from the ALS, SFP and MFP to build models, in 

order to ensure that the prediction accuracies were comparable. 

 

For stand-level attributes estimation, only stands with a minimum of two plots were considered. 

Forest attributes were estimated for one stand at a time. For each stand, models were developed 

using all plots except those within the stand of interest (Bohlin et al., 2012). Similar to our plot-

level modelling, at each of the 100 runs a model was developed with twelve stands and applied 

to the thirteenth stand. The developed models were applied to the set of rasterised metrics to 

predict forest attributes for each of the cells (17 m × 17 m) within the stand of interest. For 

each stand, mean of the predicted cell values was computed and compared with the mean value 

of field plots (ground truth) within that stand. To account for edge artefacts, an internal buffer 
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of 17 m (one cell size; (White et al., 2017)) was applied before calculating stand-level mean 

values. Out of 17 stands (Table 3.1), four were removed from stand-level analysis: three stands 

had one plot each; the fourth stand had two plots but both plots were dominated by Pomaderris 

spp. (95% and 100%, visually assessed in the field). The remaining stands (n=13) were 

considered for stand-level attribute estimation. All stands considered were bigger than 3.5 ha. 

Finally, stand-level accuracies were compared to evaluate the performance of each dataset in 

the three age classes. 

 

At each of the plot- and stand-level, a total of 12 (calibrated) models were developed using 

three point cloud datasets (ALS, SFP and MFP) and four response variables (G, Htop, N and V). 

To reduce the implementation efforts of the methodology described above, an in-house 

workflow was developed in R software environment (RStudio Team, 2016) which provides the 

required packages (e.g. caret, randomForest).  

 

3.4 Results 

Plot-level ALS, SFP and MFP point clouds were extracted from the whole point cloud datasets. 

As an example from this study, Figure 3.3 illustrates the density and penetrative ability of the 

three point cloud datasets extracted for one sample plot. Figure 3.3a and b show the raw and 

normalised point clouds, respectively.  
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Figure 3.3 An example of point clouds in one field plot is shown. The plot is circular with a radius of 

12 m; the age class is pre-harvest; the top height is 34.6 m. The point clouds have been oriented to 

show the effect of slope before and after normalisation. The ALS, SFP and MFP point clouds are 

shown in red, blue and green, respectively. Raw and normalised point clouds are shown in (a) and 

(b), respectively. The rightmost panels show an overlay of the three point clouds 

 

3.4.1 Predictor variables for modelling 

The actual number of predictor variables (Table 3.3; n=32) was initially reduced to 9, 8 and 9 

(ALS, SFP and MFP, respectively) using VIF (Table 3.4). 

 

Table 3.4 Predictor variables selected after analysing the Variance Inflation Factor 

Data type Selected predictor variables 

ALS min, kur, p01, b90, d00, d01, d02, d04, covTH50 

SFP ske, kur, b10, b70, b90, d01, d02, d04 

MFP min, kur, b10, b60, b90, d01, d02, d04, covTH75 

 

The majority of these variables (Table 3.4) were associated with the vertical distribution and 

the density of points. Compared with the ALS predictors, the DAP predictors are mostly related 

to mid-to-upper canopy metrics, as expected, due to lesser penetration of the latter; whereas, 

ALS predictors are mostly concentrated at lower heights. Figure 3.4 illustrates positions of the 

selected predictors in vertical bars.  

 

(a)

(b)
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Figure 3.4 Bar chart showing the percentage of ALS, SFP and MFP points (EAI, MRI and PHI 

combined) in 2.5 m height bins. Juxtaposed are vertical bars representing the selected predictor 

variables (Table 3.4). For a given predictor variable, the height of each vertical bar corresponds 

with the range (portion) of canopy mapped by that variable. For each variable, height ranges were 

calculated considering height variations in the EAI, MRI and PHI age classes. Descriptive variable 

(ske and kur) are not shown. A common legend applies to the whole figure 

 

The number of predictor variables was further reduced for each of the response variables using 

AICc. The final sets of predictor variables that were used to develop prediction models for each 

of the inventory attributes are given in Table 3.5 in descending order of significance (left to 

right). 

 

Table 3.5 The final set of predictor variables used to model field-measured G, Htop, N and V 

Inventory metric ALS SFP MFP 

Basal Area (G) covTH50, d01, d02, 

kur, p01 

b70, d01, d02 b60, b90, d02, min 

Top Height (Htop) covTH50, d00, d01, 

d02, d04, kur, p01 

b70, b90, d01, d02, 

d04 

b60, covTH75, d01, d02, 

d04, min 

Stocking (N) covTH50, d00, d01, 

d02, d04, kur, p01 

b70, d02, d04, kur, 

ske 

b60, b90, covTH75, min 

Total Stem Volume (V) covTH50, d01, d02, 

kur, p01 

b70, d01, d02, d04 b90, covTH75, d02 
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3.4.2 Forest inventory attributes 

Prediction accuracies of all models were evaluated using RMSE% and bias% (Table 3.6), 

which are typically used in similar studies. For each of the core inventory attributes in Table 

3.6, the lowest RMSE% among the three point cloud datasets is underlined. Overall, the three 

datasets resulted in similar estimates for all four inventory attributes. The maximum range of 

RMSE%, at plot-level, among ALS, SFP and MFP is 2.46, 0.55, 6.62 and 2.53 for G, Htop, N 

and V, respectively. Likewise, the maximum range of RMSE% – at stand-level – among ALS, 

SFP and MFP is 0.99, 1.25, 3.93 and 2.02 for G, Htop, N and V, respectively. The similar 

performance of ALS, SFP and MFP is also indicated by the differences among their relative 

bias. The maximum range of bias%, at plot-level, among ALS-, SFP- and MFP-based estimates 

is less than 1 pp, except for N (2%). Likewise, the maximum range of bias% – at stand-level – 

among ALS-, SFP- and MFP-based estimates is 2.88, 1.38, 4.6 and 3.14 for G, Htop, N and V. 

 

Table 3.6 Plot- and stand-level RMSE% of G, Htop, N and V for ALS, SFP and MFP calculated using 

RandonForest. Bias% is given in parenthesis. At both plot- and stand-level, the lowest RMSE% values 

among the three datasets are underlined. [Results obtained using Support Vector Regression (SVR) and 

k-Nearest Neighbour (kNN) are given in Appendix 3.1] 

Inventory metric 
Plot-level Stand-level 

ALS SFP MFP ALS SFP MFP 

Basal area (G) 
25.70 

(0.77) 

28.16 

(1.58) 

27.58 

(1.10) 

15.26 

(5.70) 

14.37 

(6.33) 

14.27 

(8.58) 

       

Top height (Htop) 
8.39 

(0.21) 

8.94 

(-0.02) 

8.56 

(-0.08) 

7.49 

(3.06) 

8.74 

(4.06) 

8.08 

(4.44) 

       

Stocking (N) 
63.50 

(3.43) 

70.12 

(3.31) 

66.62 

(5.31) 

66.41 

(17.26) 

68.90 

(18.64) 

64.97 

(14.04) 

       

Total Stem Volume (V) 
26.87 

(0.99) 

28.75 

(1.21) 

29.40 

(1.50) 

15.26 

(11.29) 

15.28 

(11.88) 

17.28 

(14.43) 

 

At plot-level, ALS data achieved slightly higher accuracies for all inventory attributes. The 

maximum difference among RMSE% values of ALS, SFP and MFP was less than 3 pp, except 

for N which was 6.62 pp. Among inventory attributes, Htop was modelled with the highest 

accuracy, followed by G and V. Accuracy was the lowest for N. All inventory attributes were 
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overestimated, with the highest overestimation shown in N, except for SFP- and MFP-based 

Htop, which was slightly underestimated. Comparing SFP and MFP, differences between RMSE% 

values of the inventory attributes were less than 1 pp, except for N which was 3.5 pp. MFP 

achieved higher accuracies than SFP for all attributes (except for V). However, compared with 

SFP, the magnitude of over- and under-estimation was slightly higher for MFP, except for G, 

where bias% was slightly higher for SFP (by 0.48 pp). Overall, differences between the RMSE% 

and bias% for SFP and MFP were small. 

 

At stand-level, all three datasets achieved similar accuracies. The maximum differences 

between RMSE% of the three datasets were 0.99, 1.25, 3.93 and 2.02 for G, Htop, N and V, 

respectively (Table 3.6). Following a similar trend as the plot-level analysis, stand-level Htop 

was modelled with the highest accuracy, followed by G and V, and N with the lowest accuracy. 

However, contrary to our results at plot-level, there was no discernible trend as to which of the 

three point cloud datasets had the best performance at stand-level. For example, ALS data 

achieved higher accuracy than SFP and MFP in estimating Htop and V; whereas, MFP resulted 

in higher accuracy in the case of G and N. All inventory attributes were overestimated at stand-

level. The magnitude of overestimation was the lowest for Htop, followed by G, V and N. 

Compared with SFP and MFP, ALS-based estimates showed a lower bias% for all inventory 

attributes except for N, which was lower than SFP but higher than MFP. For all inventory 

attributes, the differences among bias% of the three datasets were always smaller than 3.15 pp, 

except for N which was 4.6 pp. Comparing SFP and MFP, differences between RMSE% values 

of the inventory attributes were less than 2 pp, except for N which was 3.93 pp. Similar to plot-

level, MFP achieved higher accuracies than SFP for all attributes (except for V). However, 

compared with SFP, MFP resulted in a higher bias% for all inventory attributes, except for N, 

which was 4.6 pp lower than SFP. 

 

Figure 3.5 illustrates the plot- and stand-level RMSE% and bias% given in Table 3.6. It can be 

observed that the RMSE% of the corresponding attributes estimated from ALS, SFP and MFP 

follow a similar trend. 
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Figure 3.5 A graphical representation of Table 3.6. At both plot- and stand-level, similarities among 

the RMSE% of forest attributes estimated from ALS, SFP and MFP can be observed. At plot-level, 

relative bias for ALS, SFP and MFP is comparable. At stand-level, ALS resulted in the lowest bias% 

for all attributes, except for N  

 

Stand-level accuracies of G and V were significantly higher than those at plot-level. The 

accuracies of Htop and N, however, were similar at plot- and stand-level. Stand-level accuracies 

are generally expected to be significantly higher than those at plot-level because the 

calculations are averaged over a larger area (i.e. stand-level). Compared with plot-level, stand-

level estimates resulted in a higher bias% for all the inventory attributes. Our analysis of the 

age classes identified EAI as a source of error, contributing to the unexpectedly lower 

accuracies at stand-level in all the three datasets. Table 3.7 presents the accuracies for each age 

class, showing that these accuracies were influenced by the EAI age class. 
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Table 3.7 In each of the EAI, MRI and PHI age class, stand-level RMSE% of forest attributes are shown 

(bias% is given in parentheses). The highest RMSE% values are underlined, showing that in the EAI 

stands, attributes were modelled with the lowest accuracy and the highest bias (except N) 

Inventory 

metric 

Age 

class 

Stand-level RMSE% (bias%) 

ALS SFP MFP 

Basal area 

(G) 

EAI 23.90 (16.33) 24.16 (16.95) 24.37 (22.93) 

MRI 12.56 (0.45) 10.61 (0.08) 9.42 (2.41) 

PHI 10.73 (2.14) 11.63 (4.70) 14.44 (1.78) 

     

Top height 

(Htop) 

EAI 12.06 (7.32) 15.90 (11.74) 13.96 (11.32) 

MRI 6.77 (2.12) 6.54 (1.81) 6.27 (2.96) 

PHI 3.99 (-0.75) 4.89 (-1.67) 5.35 (-1.72) 

     

Stocking (N) 

EAI 74.07 (22.92) 75.30 (16.56) 68.93 (-8.09) 

MRI 47.06 (3.24) 51.04 (2.72) 51.46 (12.16) 

PHI 47.93 (37.74) 55.98 (53.23) 51.56 (47.30) 

     

Total Stem 

Volume (V) 

EAI 31.93 (32.22) 33.40 (34.79) 41.38 (44.20) 

MRI 11.67 (2.80) 10.25 (0.52) 11.33 (2.53) 

PHI 9.92 (0.37) 13.00 (4.05) 9.87 (-1.46) 

 

For EAI stands, in all the three datasets the RMSE% values were higher than or equal to 23.90, 

12.06, 68.93 and 31.93 for G, Htop, N and V, respectively (Table 3.7). However, RMSE% 

values in the MRI and PHI stands were similar, and always less than or equal to 14.44, 6.77, 

55.98 and 13.00 for G, Htop, N and V, respectively. Also, compared with MRI and PHI stands, 

the EAI stand-level estimates were highly overestimated for all the inventory attributes and 

across the three datasets, with N as an exception, for which the highest bias was observed in 

the PHI stands. 

 

Figure 3.6 compares accuracies of the inventory attributes in each of the EAI, MRI and PHI 

age class. This shows that ALS, SFP and MFP have a relatively better performance in the MRI 

and PHI age classes. 
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Figure 3.6 Graphical representation of Table 3.7. RMSE% for the EAI age class are consistently 

higher than those of the MRI and PHI age classes 

 

3.4.3 Comparison with other studies 

Table 3.8 presents a comparison of this study with other similar studies based on the RMSE% 

reported. Plot- and stand-level results are compared. Most of the studies are focussed on plot-

level attributes, whereas stand-level forest attribute modelling is more rarely reported. 

 

At both plot- and stand-level, our results are encouraging, showing a strong agreement with 

other studies in modelling G, Htop and V; however, in the case of N, our results show a 

substantially lower accuracy than that reported in Pitt et al., (2014), Gobakken et al., (2015) 

and Kukkonen et al., (2017).  

 

Comparing the two DAP datasets used in this study (i.e. SFP and MFP) at plot-level, MFP was 

consistently in strong agreement with the ALS dataset, except for V which showed higher 

precision when modelled using SFP. At stand-level, SFP was generally in strong agreement 

with the ALS datasets. Differences in the precisions of SFP and MFP, however, were small.  
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Table 3.8 Plot- and stand-level results (RMSE%) from this study compared with similar studies. Stand-

level results for each of EAI, MRI and PHI age class are presented here 

Plot-level 

Study 
Forest type 

ALS DAP 

G Htop N V G Htop N V 

White et al., 

(2015) 

Complex coastal 

ecosystem 
35.38 8.96 - 33.24 37.68 14.00 - 36.87 

Straub et 

al., (2013) 

Mixed forest 

Germany 
30.21 - - 31.92 35.29 - - 37.89 

Järnstedt et 

al., (2012) 

Managed spruce and 

pine 
27.90 18.61 - 31.26 36.20 28.23 - 40.39 

Vastaranta 

et al.,(2013) 

Single layered, 

even-aged, conifer 

dominated 

17.76 7.75 - 17.92 23.62 11.81 - 24.50 

Nurminen 

et al., 

(2013) 

Single layered, 

even-aged, conifer 

dominated 

- 6.60 - 20.70 - 6.80 - 22.60 

Gobakken 

et al., 

(2015) 

mature forests on 

good sites 
15.40 7.50 35.10 18.00 18.30 10.20 43.70 21.70 

Kukkonen 

et al., 

(2017) 

Pine dominated 

managed boreal 

forests. 

13.59 5.73 31.44 20.50 26.64 8.58 42.63 27.88 

This study 

(SFP) 
Pine plantation 25.70 8.39 63.50 26.87 28.16 8.94 70.12 28.75 

This study 

(MFP) 
Pine plantation  25.70 8.39 63.50 26.87 27.58 8.56 66.62 29.40 

 

Stand-level 

Study 
Forest type 

ALS DAP 

G Htop N V G Htop N V 

Pitt et al., 

(2014) 
Complex stands 25.40 7.30 38.40 26.20 28.10 10.8 46.50 26.8 

Bohlin et 

al., (2012) 

Managed spruce and 

pine dominated 

stands 

10.00a 3.00a - 11.00a 13.60 8.6 - 13.10 

Gobakken 

et al., 

(2015) 

Mature forests on 

good sites 
10.80 7.20 26.80 11.60 12.40 7.70 31.30 13.20 

This study 

(SFP, RF) 

EAI stands 23.90 12.06 74.07 31.93 24.16 15.90 75.30 33.40 

MRI stands 12.56 6.77 47.06 11.67 10.61 6.54 51.04 10.25 

PHI stands 10.73 3.99 47.93 9.92 11.63 4.89 55.98 13.00 

This study 

(MFP, RF) 

EAI stands 23.90 12.06 74.07 31.93 24.37 13.96 68.93 41.38 

MRI stands 12.56 6.77 47.06 11.67 9.42 6.27 51.46 11.33 

PHI stands 10.73 3.99 47.93 9.92 14.44 5.35 51.56 9.87 
aResults from Holmgren (2004) conducted at the same site 
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3.5 Discussion 

In this study, we evaluated the robustness of SFP- and MFP-based point clouds in comparison 

with ALS data. Our results showed that dense point clouds derived from medium-format metric 

photography and small-format non-metric photography were both suitable for estimating basal 

area, top height, stocking and total stem volume at both the plot- and stand-level in a Pinus 

radiata plantation. 

 

3.5.1 Predictor variables for modelling 

Selecting the most important variables is a critical step in predictive modelling because it 

reduces model complexity. In non-parametric modelling, variable selection is often not 

undertaken, in the belief that models have the ability to handle dimensionality and 

multicollinearity among predictor variables. This might be true; however the resulting models 

will not be parsimonious, which is usually the aim of model development. In this study we 

followed a parsimonious approach (McRoberts et al., 2016), selecting the most important set 

of predictor variables, considering – in part – the relatively small number of observations/field 

plots (n=105). We note that the accuracy of our models improved when selected predictor 

variables were used. 

 

Due to the nature of the ALS and DAP datasets and their acquisition specifications (Table 3.2), 

it is not expected that the selected sets of predictor variables will be the same. As noted in 

Vastaranta et al., (2013), an important distinction between ALS and DAP is their relative ability 

to penetrate the canopy, which may result in differences between the variety of metrics 

generated from ALS and DAP-based point clouds. ALS can be expected to respond more than 

DAP to the internal structure of the forest canopy and to penetrate more deeply into the canopy 

or through to the ground. DAP can be expected to respond proportionally more to the higher 

components of the forest canopy, less to the internal structure of the canopy, and with reduced 

penetration to the ground (Vastaranta et al., 2013). Therefore, it is to be expected that lower 

canopy metrics are more likely to emerge as predictors when ALS data rather than DAP data 

is used. Despite its limited penetrative ability, we note that predictor variables selected from 

the DAP-based point clouds correspond with forest structure at a range of canopy heights 

(Figure 3.4), indicating sufficient vertical distribution of the DAP points. As SFP and MFP are 

inherently the same measurement methods, similar sets of selected predictor variables may be 

expected; however, the selected predictor variables were different. Statistical and graphical 
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analysis of the SFP and MFP predictors could not provide a strong logical explanation of these 

differences. A possible explanation could be that DAP was acquired with different 

specifications (Table 3.2), which might have influenced the vertical and horizontal distribution 

of point clouds generated from the two DAP types (Iqbal et al., 2018). Therefore, it is possible 

that seemingly different predictors were actually mapping a similar portion of the canopy (e.g. 

SFP-b70 and MFP-b60 in Figure 3.4). 

 

An encouraging outcome of the variable selection process was that all the typically selected 

predictor variables were represented in our final set of predictor variables. We note that 80th to 

99th height percentiles, usually considered as useful predictor variables (White et al., 2017), 

did not appear in our final set of predictor variables. These metrics, however, were strongly 

correlated with other canopy metrics (such as d02 and d04) that were selected. 

 

3.5.2 Forest inventory attributes  

This study successfully modelled core forest inventory attributes (G, Htop, N and V) from ALS, 

SFP and MFP at plot- and stand-level. Our results are encouraging, supporting a conclusion 

that SFP and MFP can be used in operational forest inventory. 

 

3.5.2.1 Comparing ALS, SFP and MFP 

RMSE% values of ALS, SFP and MFP were largely similar, suggesting that SFP and MFP are 

suitable for forest inventory estimation (Table 3.6 and Table 3.7). Although the tendency to 

over- or under-estimate inventory attributes varied among the three datasets at both plot- and 

stand-level, differences among the bias% values of ALS-, SFP- and MFP-based estimates were 

comparable. Comparing the three datasets, ALS had an overall better performance than the 

SFP and MFP in estimating G, Htop, N and V at plot-level.  

 

Higher accuracies of the ALS data can be attributed to its ability to characterise the vertical 

structure of the canopy. Although the DAP-based point clouds have a higher density than the 

ALS, they are largely confined to the mid-to-upper canopy with lesser penetration through the 

canopy to the ground. This limits the ability of DAP-based point clouds to characterise the 

vertical extent of the canopy (Vastaranta et al., 2013). Although SFP resulted in slightly higher 

RMSE% values and lower bias% values than the MFP (Table 3.6), there was no strong trend 

suggesting the preference of one dataset over the other. The greatest differences between 
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RMSE% values of SFP and MFP were 3.50 pp and 3.93 pp (for N) at plot- and stand-level, 

respectively. This is an encouraging finding of this study, suggesting that SFP and MFP are 

equally suited to inventory estimation. The user may adopt, for example, whichever approach 

has the lower operational cost. 

 

3.5.2.2 Comparing inventory attributes 

Comparing the four forest inventory attributes, a consistent trend was observed across the three 

datasets. At plot-level, Htop had the lowest RMSE%, followed G, V and N (Table 3.6). Among 

ALS, SFP and MFP, differences between plot-level RMSE% of G, Htop and V were less than 

3 pp. A similar trend was also observed at stand-level: differences of RMSE% of G, Htop and 

V were less than about 2 pp. Moreover, the corresponding bias% values for ALS-, SFP- and 

MFP-based estimates were comparable across all the inventory attributes. Overall, at both plot- 

and stand-level – for all the three datasets – Htop had the lowest bias%, followed by G, V and 

N. For all inventory attributes, except for N, the maximum difference between bias% was 

always less than 0.81 pp and 3.14 pp, at plot- and stand-level respectively. These high levels 

of similarities among the three datasets indicate that SFP and MFP can be used to model G, 

Htop and V at both plot- and stand-level. Our results also suggest that a similar level of accuracy 

can be achieved with SFP and MFP. Other factors such as operational cost and logistics might 

influence the final choice between SFP and MFP (Osborn et al., 2017).   

 

Among the four inventory attributes, RMSE% and bias% values of N were the highest, at both 

plot- and stand-level, for ALS, SFP and MFP. This, on the one hand, indicates similar 

performance of the three datasets. On the other hand, however, this suggests that none of the 

ALS, SFP and MFP are well-suited for modelling N (White et al., 2017). The application of an 

Individual Tree Detection algorithm to these datasets is recommended for an improved estimate 

of N. 

 

3.5.3 Comparison with other studies 

Considering the observed variability in the plots of P. radiata, the site conditions and data 

sources, our findings are in good agreement, at both plot- and stand-level, with those reported 

in other studies (Table 3.8).  
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Comparing our plot-level inventory attributes with other studies, we achieved higher accuracies 

than those reported in Straub et al., (2013) and White et al., (2015) (Table 3.8). These studies 

were conducted in complex forest conditions, whereas our study area was a P. radiata 

plantation operationally managed for timber production. Single-layered, even-aged and pure 

stands tend to favour higher accuracies. This is further supported by Vastaranta et al., (2013), 

Nurminen et al., (2013), Gobakken et al., (2015) and Kukkonen et al., (2017) (Table 3.8) who 

reported higher accuracies, compared with our findings, in conifer-dominated, single-layered 

or managed forest environment. Our study was based on field plots distributed across three age 

classes viz. EAI, MRI and PHI, which might have resulted in the relatively lower accuracies. 

Our study area was structurally intermediate between a complex and a single-layered even-

aged stand, which supports our higher and lower accuracies compared with those reported in 

the studies mentioned above. Ideally, a plot-level age class-based analysis of inventory 

attributes could have improved our results. This study, however, did not take plot-level age 

class-based analysis into account due to the smaller number of observations/field plots in each 

age class. The number of field plots in EAI, MRI and PHI stands were 15, 40 and 50, 

respectively. Non-parametric models generally benefit from larger number of 

observations/samples (Fassnacht et al., 2014; Noi and Kappas, 2017). In addition, our study 

utilised differing numbers of plots taken from stands at three distinct, non-contiguous age 

classes so the models cannot be reliably applied to the broader age domain of the estate. We 

do note that our SFP- and MFP-based estimates of G, Htop and V were generally close those 

reported in similar studies (Table 3.8). This indicates that, although slightly lower, accuracies 

similar to those reported in previous studies can be achieved with SFP and MFP. 

 

To our knowledge there are not many studies that report stand-level attributes (Table 3.8). At 

stand-level, our inventory estimates were generally better than those reported in a study 

conducted in complex stand (Pitt et al., 2014). This can be anticipated, considering the uniform 

canopy structure in our study area. We report slightly lower accuracies (Table 3.6) compared 

with Bohlin et al., (2012) and Gobakken et al., (2015) who conducted their study in managed 

pine dominated stands and mature forests on good sites (Table 3.8). However, we note that the 

EAI age class has the largest contribution towards the higher RMSE% values (Table 3.7). Our 

results, consistent with the findings of Gobakken et al., (2015), indicate that neither of the three 

datasets is suitable for inventory estimation in the EAI age class. In our study area, EAI stands 

did not receive any thinning or pruning, leading to the presence of non-pine trees and a 
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relatively compact outer canopy surface causing signal attenuation. This appears to have 

resulted in the lower accuracy in the EAI age class. Inclusion of non-point-cloud metrics, such 

as age and thinning status, as predictor variables could have improved our results. However, 

the focus of this study was to evaluate and compare different point clouds due to which metrics 

computed only from point clouds were used as predictor variables. Notwithstanding the small 

sample size at the stand-level used in this study, our estimates of forest attributes in the MRI 

and PHI stands (Table 3.8) are in good agreement with those reported in Bohlin et al.,  (2012) 

and Gobakken et al., (2015).  

 

3.6 Conclusion 

In this study, we have compared area-based forest attributes derived from ALS, SFP and MFP 

point cloud data. Forest attributes viz. basal area (G), top height (Htop), stocking (N) and total 

stem volume (V) were estimated at both plot- and stand-level using a non-parametric 

(RandomForest) modelling approach. 

 

This study demonstrates that both small-format non-metric photography (SFP) and medium-

format metric photography (MFP) have the ability to deliver accuracy levels similar to ALS. 

Overall, ALS had a higher agreement, particularly at plot-level, with forest attributes derived 

from field data. Although acquisition specifications for the SFP and MFP were different 

(sensors format, photo-overlap, sun angle and light conditions (Table 3.2)), the two DAP 

datasets performed similarly, demonstrating the robustness of DAP-based point clouds in 

estimating forest attributes under a variety of different operational photo acquisition conditions. 

Comparing our SFP and MFP based results with other studies further supports a conclusion 

that, although the technical specifications of DAP may differ, forest attributes can be estimated 

with similar levels of accuracy.  

 

This study of small- and medium-format DAP adds to a body of evidence that forest managers 

may choose from a variety of sensors/camera formats (large, medium or small format) to 

acquire point cloud data and that the point cloud data may be modelled using standard inventory 

methods regardless of its source to produce reliable inventory estimates. For the normalisation 

process, however, DAP-based point clouds are highly dependent on a high resolution DTM, 

which is typically acquired using ALS. 
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Appendix 3.1 

Table 3.9 Plot- and stand-level RMSE% of G, Htop, N and V for ALS, SFP and MFP calculated using 

SVR and kNN. Bias% is given in parenthesis. At both plot- and stand-level, the lowest RMSE% values 

among the three datasets are underlined 

Inventory 

metric 
Model 

Plot-level Stand-level 

ALS SFP MFP ALS SFP MFP 

Basal area 

(G) 

SVR 
26.84 

(2.76) 

27.58 

(2.52) 

28.44 

(1.17) 

13.64 

(4.24) 

11.72 

(3.57) 

14.15 

(6.60) 

 

k-NN 
27.59 

(3.39) 

29.06 

(3.03) 

29.42 

(2.07) 

18.98 

(8.12) 

15.12 

(5.86) 

16.12 

(9.00) 

Top height 

(Htop) 

SVR 
8.76 

(0.32) 

9.10 

(0.47) 

8.97 

(0.40) 

7.14 

(0.69) 

6.98 

(3.08) 

8.01 

(2.88) 

 

k-NN 
8.96 

(1.33) 

8.81 

(0.82) 

9.10 

(0.38) 

7.40 

(2.24) 

7.82 

(2.52) 

8.02 

(1.86) 

Stocking (N) 

SVR 
67.78 

(3.51) 

76.80 

(-0.52) 

75.65 

(-1.86) 

64.62 

(2.46) 

61.60 

(11.38) 

63.38 

(10.37) 

 

k-NN 
66.30 

(-2.01) 

68.99 

(0.01) 

79.59 

(-1.91) 

69.34 

(16.66) 

65.69 

(11.28) 

73.54 

(4.91) 

Total Stem 

Volume (V) 

SVR 
27.96 

(2.95) 

29.31 

(1.63) 

28.86 

(1.90) 

12.97 

(5.83) 

10.39 

(6.63) 

14.19 

(7.39) 

 

k-NN 
28.74 

(4.02) 

29.55 

(3.09) 

28.57 

(2.49) 

19.04 

(16.22) 

13.00 

(8.95) 

15.77 

(6.04) 

 

Selecting the optimum model parameters is a cumbersome task that often involves trial-and-

error: a large number of models are built with different parameters and the set of parameters 

resulting in the lowest RMSE is selected to build the final model. Alternatively, for a given 

modelling approach sequential and exponential functions can be used to build a number of 

models for each of the response variables. This is then followed by a grid-search to select an 

optimum set of parameters that result in the lowest RMSE among all the models. In the case of 

Support Vector Regression (SVR), a number of SVR models were developed using various 

combinations of epsilon (Ԑ) and cost (C). An Ԑ value ranging from 0 to 1 (incrementing by 0.1 

at each model run) and a C value ranging from 2 to 512 (incrementing at each model run by 
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2n, where n ranged from 1 to 9). As for the k-Nearest Neighbour (k-NN) model, a number of 

models were developed using a value of k ranging from 5 to 21 (incrementing in odd sequence 

i.e. 5, 7, 9,…, 21) and a distance metric as Euclidean distance. 

 

 

Figure 3.7 Graphical representation of Table 3.9. At both plot- and stand-level, similarities among 

forest attributes estimated ALS, SFP and MFP can be observed 
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Chapter 4 Individual tree detection using photogrammetric point cloud 

 

Abstract: Digital aerial photography (DAP) has emerged as a potentially cost-effective 

alternative to airborne laser scanning (ALS) for forest inventory methods that employ point 

cloud data. Forest inventory derived from DAP using area-based methods has been shown to 

achieve accuracy similar to that of ALS data. At the tree-level, individual tree detection (ITD) 

algorithms have been developed to detect and/or delineate individual trees either from ALS 

point cloud data or from ALS- or DAP-based canopy height models. In this research, we 

evaluate the suitability of DAP-based point clouds for individual tree detection. Two ITD 

algorithms designed to work with point cloud data are applied to dense point clouds generated 

from small- and medium-format DAP and to ALS point cloud. Performance of the two ITD 

algorithms, the influence of stand structure on tree detection rates and the relationship between 

tree detection rates and canopy structural metrics are investigated. Overall, we show that there 

is a good agreement between ALS- and DAP-based ITD results (proportion of false negatives 

for ALS, SFP and MFP was always lower than 29.6%, 25.3% and 28.6%, respectively; whereas, 

the proportion of false positives for ALS, SFP and MFP was always lower than 39.4%, 30.7% 

and 33.7%, respectively). Differences between small- and medium-format DAP results were 

minor (i.e. for SFP and MFP, differences between recall, precision and F-score were always 

less than 0.08, 0.03 and 0.05, respectively), suggesting that DAP point cloud data is robust for 

ITD. Our results show that among all the canopy structural metrics, the number of trees per 

hectare has the greatest influence on the tree detection rates. 

 

Keywords: Forest inventory; Pine plantation; Individual tree detection; Airborne laser 

scanning; Digital aerial photography; Small-format photography; Medium-format photography; 

Image point cloud 

 

4.1 Introduction 

Forest inventory has greatly benefitted from the emergence and ongoing development of 

airborne laser scanning (ALS). The potential of wide area, contiguous sampling of forest 

structure using a technology that achieves high point density, high vertical accuracy, and that 

has high penetrative capacity was recognised early in the commercialisation of ALS (Næsset, 

1997b) and has been the subject of very extensive research and increasingly widespread 

application (Maltamo et al., 2014). Numerous studies have demonstrated that ALS can be used 
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to reliably estimate forest inventory attributes such as basal area, canopy height, volume and 

stocking (tree stems per hectare) (Kukkonen et al., 2017; White et al., 2015; Woods et al., 2011), 

suitable for operational forest inventory (Maltamo and Packalen, 2014; Næsset, 2007; 

Rombouts et al., 2015). 

 

Generally, one of two approaches are used to estimate ALS-based forest inventory: i) an area-

based (ABA) (e.g. Næsset, 2002a) or ii) an individual tree detection (ITD) approach (e.g. 

Hyyppä et al., 2001; Persson et al., 2002). In ABA, statistics describing the horizontal and 

vertical characteristics of canopies are extracted from point cloud data and modelled against 

spatially coincident ground-based plot data. A predictive model is then applied to the entire 

area of interest to estimate plot- and stand-level forest inventory attributes such as top height, 

stocking, basal area and timber volume (Bohlin et al., 2012; Gobakken et al., 2015; Maltamo 

et al., 2014). In an ITD approach, tops of individual trees are identified using an automated or 

a semi-automated approach, and then often followed by tree-crown delineation to extract tree-

level attributes such as tree height, crown diameter, canopy closure and stocking. An ITD 

approach is attractive to forest managers when high resolution inventory is desired, such as 

acquiring attributes for each tree and subsequent derivation of stem distribution (Vastaranta et 

al., 2012), growth modelling (Clark et al., 2004; Vepakomma et al., 2015) and precise measures 

of tree volume and forest biomass (Popescu et al., 2003; Zhao et al., 2012). 

 

A variety of statistical models and algorithms have been developed to estimate area-based and 

individual tree-based inventory (Hyyppä et al., 2008; Kaartinen et al., 2012; White et al., 2017). 

When compared, results from each of the two approaches are generally in close agreement 

when basal area, volume, mean height, mean diameter and aboveground carbon density are 

estimated (Coomes et al., 2017; Peuhkurinen et al., 2011; Vastaranta et al., 2011; Yu et al., 

2010). However large differences have been reported when stocking, which is of particular 

interest and relevance to this study, is estimated. For example, using ALS data, Peuhkurinen et 

al., (2011) reported that overall ABA-based estimates of stocking were better than ITD by 

about 30%, although Rahlf et al.,  (2015) using a raster surface derived from DAP-based point 

cloud data reported that ITD-based estimates of stocking were better than ABA by 5%. A 

common finding is that ITD-based estimates can be significantly biased (Peuhkurinen et al., 

2011; Rahlf et al., 2015). Differences between the stocking estimates of these two studies can 

in part be attributed to different data characteristics, the variability in forest structure and 
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condition (Kaartinen and Hyyppä, 2008; Vauhkonen et al., 2012) and the choice and 

parameterisation of the ITD method (Kaartinen et al., 2012). 

 

Several algorithms have been developed to detect individual treetops or delineate tree-crowns 

(Lindberg and Holmgren, 2017; Zhen et al., 2016). Broadly, based on the input data, these 

algorithms can be categorised into i) raster-based (e.g. Silva et al., 2016) and ii) point cloud 

based (e.g. Gaulton and Malthus, 2010) algorithms. Raster-based algorithms take a Canopy 

Height Model (CHM) derived from interpolated point clouds as an input. Treetops are then 

located in the CHM using e.g. a local maxima filter within a user-defined search window, 

followed by a region-growing algorithm to delineate tree crowns (Koch et al., 2006; Popescu 

et al., 2003). Uncertainties and errors in generating the CHM are highly likely to influence the 

treetop identification and crown delineation (Guo et al., 2010). Also, it is to be expected that 

supressed trees may not be registered in the CHM, which is typically generated using ALS first 

returns (Kaartinen et al., 2012). Point cloud based algorithms have the potential to be more 

reliable, especially when detection of supressed trees is desired, as they use the actual/raw point 

clouds rather than an interpolated CHM (Eysn et al., 2015) and so reduce the risk of errors 

introduced by the interpolation process (Ayrey et al., 2017; Gaulton and Malthus, 2010). Point 

cloud based algorithms, however, can be computationally intensive depending on the volume 

of data (Kathuria et al., 2016). 

 

Individual tree detection methods have been applied to ALS point clouds acquired over a 

variety of forest conditions and significant variations in detection rates reported (Eysn et al., 

2015; Kaartinen et al., 2012; Vauhkonen et al., 2012; Wang et al., 2016). Kaartinen et al., (2012) 

applied thirteen ITD methods to two managed forest sites in Southern Finland, with trees at 

various developmental stages. Forest stands varied structurally from relatively homogenous 

coniferous or deciduous to mixed forests. Overall, the percentage of detected trees ranged from 

25% to 102%. Tree detection accuracies were relatively better in the dominant heights (55 – 

98%) than in sub-dominant heights. Vauhkonen et al., (2012) studied the effect of five different 

forest conditions (located in Brazil, Germany, Norway and Sweden) on the detection accuracy 

of six different ITD algorithms. In all forest conditions, the percentage of detected trees varied 

among the algorithms: 63 – 97% (in Brazil), 49 – 100% (in Germany), 45 – 68% (in Norway) 

and 65 – 86% (in Sweden). Eysn et al., (2015) compared eight ITD algorithms in Alpine forests 

(in Austria, France, Italy, Slovenia and Switzerland), with species composition varying from 
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single-layered coniferous to multi-layered mixed forests. Tree detection accuracy was the 

highest in single-layered coniferous forest and ranged from about 52 – 70% among the ITD 

algorithms. In the same study area as in Kaartinen et al., (2012), Wang et al., (2016) evaluated 

the accuracy of five ITD methods in four different crown classes (dominant, co-dominant, 

intermediate and supressed). The highest tree detection accuracy was recorded for the dominant 

crown class (70 – 95%). Unlike ABAs, in which RMSE and bias are used as ‘standard’ 

accuracy assessment methods, ITD results reported in the literature are on different scales, 

which means that they should be compared with care (Yin and Wang, 2016). 

 

Although the detection rates reported in the abovementioned studies were different, there is a 

broad agreement that the performance of ITD is mainly driven by stand variability 

(homogeneous vs heterogeneous), diversity in vertical structure (canopy layers), the choice and 

parameterisation of the ITD method, and that tree detection accuracy is usually higher in 

dominant and co-dominant canopy strata. Wang et al., (2016) found that the influence of 

vertical structure on ITD was more significant than that of tree species. Kaartinen et al., (2012) 

and Wang et al., (2016) concluded that ALS point density has a little influence on ITD accuracy, 

particularly in dominant and co-dominant canopy layers. 

 

More recently, digital aerial photography (DAP) has emerged as a potentially cost-effective 

alternative to ALS. Dense point clouds are generated from high-overlap DAP (Eltner et al., 

2016) using Structure from Motion-Multi View Stereopsis (SfM-MVS) (Smith et al., 2016) 

and there is now a strong base of evidence that it can be treated in a similar way as ALS point 

clouds to estimate forest inventory attributes (e.g. Bohlin et al., 2012; Goodbody et al., 2019; 

Iqbal et al., 2019). Compared with ALS, DAP-based point cloud data have substantially higher 

point density and comparable or higher spatial accuracy (Iqbal et al., 2018). However, because 

DAP-based point clouds are generated from multiple overlapping imagery, their penetrative 

ability is limited and highly influenced by factors including canopy structure, canopy 

illumination and the geometry of photography (flying height, percentage of overlap, view angle, 

focal length and image format) (Baltsavias et al., 2008; Bohlin et al., 2012; Iqbal et al., 2018). 

Moreover, DAP-based point cloud data usually rely on a separately acquired digital terrain 

model (DTM) for normalisation to remove the height of underlying terrain from each point in 

the cloud. Various studies have demonstrated that inventory estimates derived from DAP-based 

point cloud data were in good agreement with ALS-based estimates in a variety of forest 
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environments (Caccamo et al., 2018; Gobakken et al., 2015; Järnstedt et al., 2012; Vastaranta 

et al., 2013; White et al., 2015). 

 

A small number of studies have applied ITD approaches to photogrammetrically derived 

canopy data and have reported promising results when compared with ALS data. For example, 

St-Onge et al., (2015) applied a raster-based (CHM) ITD approach to a raster canopy surface 

derived from a DAP-based point cloud and characterised species composition and tree height 

distribution in a boreal forest in Canada. They obtained similar results with raster surfaces 

derived from both DAP-based and ALS point clouds. Goldbergs et al., (2018) acquired DAP 

from an Unmanned Aerial Vehicle (UAV) and applied raster-based ITD approaches to a raster 

canopy surface derived from DAP-based point cloud to detect individual (Eucalyptus spp.) 

trees, measure tree heights and provide aboveground biomass estimate in northern Australia. 

They found that overall tree detection accuracy of the DAP-based point cloud was less than 

that of the ALS by only about 10%. Similarly, Guerra-Hernández et al., (2018) employed a 

CHM-based ITD approach using surfaces derived from UAV-based DAP and ALS to compare 

tree detection rates in a Eucalyptus spp. plantation in Portugal. They reported that the 

percentage of detected trees for the DAP-derived surface was less than that for the ALS by 

about 16%. In these studies, only raster-based ITD approaches have been applied to the DAP-

based point cloud. 

 

To our knowledge, an examination of the application of point cloud based ITDs to DAP-based 

point clouds has not yet been reported. Although raster-based ITD approaches are faster than 

point cloud based ITDs and can be directly applied to CHMs derived from DAP-based point 

clouds using existing methods (Ke and Quackenbush, 2011), there is a need to investigate the 

application of point cloud based ITD approaches to DAP-based point clouds. 

 

Comparative studies of area-based forest inventory estimation using both DAP-based and ALS 

point clouds have demonstrated that comparable inventory accuracy can be obtained (e.g. 

Caccamo et al., 2018; Gobakken et al., 2015; Pitt et al., 2014; Vastaranta et al., 2013). In these 

studies, and generally, stocking rate is the inventory attribute modelled with the lowest 

accuracy. ITD algorithms have the potential to significantly improve the accuracy of ALS- or 

DAP-based inventory estimation if they can be shown to be reliable. If it can be shown that 

point cloud based ITD algorithms can be reliably applied to DAP-based point clouds, then this 
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will provide additional evidence to support the utility of DAP and SfM photogrammetry as an 

alternative source of point cloud data for forest inventory. 

 

The objective of this study was to evaluate the suitability of DAP-based point clouds for 

individual tree detection using point cloud based ITD methods in the case of a relatively 

homogeneous Pinus radiata plantation. The study employed DAP-based point cloud datasets 

acquired using two different cameras mounted on small aircraft, one ALS dataset and two ITD 

algorithms. 

 

4.2 Material 

4.2.1 Study area 

The study area, a commercial Pinus radiata plantation located in north-east Tasmania, covers 

a region of approximately 2800 ha (Figure 4.1). The estate is managed by Timberlands Pacific 

Pty Ltd. The study area is stratified in three age classes: Early Age Inventory (EAI) aged 10 – 

12 years, Mid Rotation Inventory (MRI) aged 20 – 22 years and Pre-Harvest Inventory (PHI) 

aged 29 – 30 years. At the time of planting, the P. radiata seedlings were spaced at 3 m × 3 m 

with a stocking rate of about 1100 tree per hectare (TPH). The residual stocking, after initial 

thinning between 12 – 16 years, is 500 to 600 TPH. The MRI coupes then received a second 

thinning leaving a final stocking between 350 – 450 TPH. Broadleaf weed tree species are 

sporadically distributed throughout the plantation. Only PHI and MRI age class received 

silvicultural treatments such as thinning and weeding. 
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Figure 4.1 Location and map of the study area showing the spatial distribution of field plots within 

stand boundaries 

 

4.2.2 Data 

4.2.2.1 Field data 

A total of 105 fixed-radius plots were distributed in the three age classes: 50 in PHI, 40 in MRI 

and 15 in EAI. Plot diameters of the PHI, MRI and EAI plots were 12 m, 9 m and 8 m, 

respectively. These diameters of the PHI, MRI and EAI plots were selected to account for 

differences in mean stocking rates among the age classes. Field data were collected in May 

2015. Plot-centres were located in the field with sub-meter accuracy using a differential global 

navigation satellite system (GNSS). In each plot, diameter at breast height (DBH) of all live 

standing trees (DBH ≥8 cm) and height of at least 5 trees representing the range of heights per 

plot were recorded. Tree locations were not recorded in the field. 

 

Thirty-six reflective targets (each 0.25 × 0.25 m) were established across the study area. These 

targets, fixed to ground pegs and geo-located using differential GNSS, were used as geospatial 

control for both small- and medium-format photography. The horizontal and vertical accuracies 

of these ground control points (GCPs) were 2 cm and 5 cm, respectively. 
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4.2.2.2 Remote sensing data 

Airborne Laser Scanning 

Airborne laser scanning (ALS) was acquired on 12th April 2015. A fixed-wing aircraft was 

flown at a mean height of 1100 m above terrain. The ALS instrument on board was an Optech 

Pegasus, which recorded 4 returns per pulse (1st, 2nd, 3rd and last). The pulse repetition 

frequency was 100 kHz, resulting in a mean point density and spacing of 1.94 m-2 and 0.72 m, 

respectively. The horizontal and vertical accuracies achieved (within 1σ) were 0.55 m and 0.15 

m. ALS data were vertically adjusted by the data provider using approximately 150 terrain 

calibration points. These terrain points, geo-located with real-time kinematic (RTK) 

positioning, were collected at three well-distributed locations in open and generally flat terrain. 

The data were classified by the data provider into ground and non-ground points. 

 

Digital Aerial Photography (DAP) 

Medium format photography (MFP) was captured, simultaneously with the ALS data 

acquisition using a PhaseOne 65+ (60.5 megapixels) full-frame medium-format digital-back 

camera. The aircraft was flown at a mean height of 1100 m above terrain. The focal length of 

the camera was 51 mm, resulting in a ground sampling distance (GSD) of 0.125 m. A total of 

859 images were captured over the study area with a forward- and side-overlap of 80% and 

30%, respectively. 

 

Small format photography (SFP) was captured using a Canon EOS 5D Mark II (21 megapixels) 

digital frame camera on board a fixed-wing Cessna 206. The aircraft was flown at a mean 

height of 600 m above terrain on 6th February 2015. The focal length of the camera was 35 mm, 

resulting in a GSD of 0.13 m. A total of 1898 images were captures over the study area with a 

forward- and side-overlap of 75% and 60%, respectively. 

 

4.3 Methodology 

4.3.1 SFP and MFP point cloud generation 

Point cloud data were generated from SFP and MFP using Agisoft Photoscan Professional 

(v1.2.6, build 2834) and using the default settings available in the software package (see Iqbal 

et al., (2018)) for a detailed description of these point cloud data). The resulting mean point 

density of the SFP and MFP point clouds was 28 and 22 points m-2, respectively. Errors on 
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GCPs during initial alignment were less than 0.07 m, 0.07 m and 0.05 m in easting, northing 

and height, respectively. 

 

4.3.2 Data preparation 

For this study, 52 plots (33 PHI and 19 MRI) were selected for analysis. Plots that were known 

to have significant number of weed species, primarily wattle (Acacia dealbata), dogwood 

(Pomaderris aptala) and stink bush (Zieria arborescens), based on field notes and visual 

inspection of orthophotos, were excluded. The EAI age class was excluded from our analysis 

for three reasons: a high prevalence of weed species; because the focus of our work is on 

inventory estimation rather than early establishment counts; and because the application of ITD 

to small trees can be expected to behave differently from its application to more mature stands 

(Wang et al., 2016). 

 

Point clouds data for the selected field plots were extracted using the field plot radii plus an 

external buffer of 2 m. These point cloud data were then filtered: points with normalised height 

less than −0.5 m or greater than 50 m were classified as noise points and removed from further 

analysis. Figure 4.2 shows the vertical distribution of ALS, SFP and MFP point clouds in 52 

field plots, classified into 2 m height bins. Compared with SFP and MFP, ALS has the highest 

percentage of points that penetrated through the canopy. Compared with MFP, the percentage 

of SFP point clouds is higher in the lower height bins (0 – 24 m). 
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Figure 4.2 The distribution of ALS, SFP and MFP points in 2 m height bins is shown. A higher 

percentage of ALS points is shown to have penetrated through the canopy to the ground. The DAP-

based points are mostly contained in upper canopy. In the upper canopy, the density of MFP points 

is higher than that of SFP 

 

4.3.3 Plot metrics 

For each plot, a total of 44 metrics were calculated. Six were derived from field measurements; 

38 were derived from point cloud measurements. Field-based metrics were computed from 

field data using the Yield Table Generator (YTGen) software package (Simeltra, Takoroa, New 

Zealand). For each of the field plots, basal area (BA), top height (TH), number of trees per 

hectare (TPH), total stem volume (TSV), total recoverable volume (TRV) and quadratic mean 

diameter (QMD) were computed. Point cloud based metrics were calculated using LAStools 

(LAStools, 2015) and lidR package in the R-software environment (RStudio Team, 2016). Plot 

metrics with a pairwise Pearson’s correlation greater than >|0.8| were considered strongly 

correlated (Evans, 1996) and were removed from further analysis. The reduced set of plot 

metrics (n=24) used in the correlation analysis are shown in Table 4.1. It is important to note 

that cov5 and vci_als were calculated for the ALS point cloud only. This means that these two 

point cloud based metrics were not influenced by the DAP-based point cloud data and were 

only representative of vegetation structure. Hence, although calculated from a point cloud data, 

cov5 and vci_als were treated as field-based metrics in our analysis. 
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Table 4.1 Plot metrics computed from field and point cloud data. Metrics considered as field-based 

metrics are marked with an asterisk 

Plot 

metric 

Description Plot 

metric 

Description 

BA* Basal area (m ha-1) p10 10th percentile height 

TH* Top height (m) b10 % points between height cut-off 

and 10% of maximum height 

TPH* Number of trees per hectare b20 % points between height cut-off 

and 20% of maximum height 

cov5* ALS-based canopy cover above 5 m b30 % points between height cut-off 

and 30% of maximum height 

vci_als* ALS-based vertical complexity index 

(van Ewijk et al., 2011) 

b60 % points between height cut-off 

and 60% of maximum height 

rumple An index of canopy surface roughness, 

calculated as the ratio between the 

canopy outer surface area and its 

projected area on ground (Kane et al., 

2010) 

b80 % points between height cut-off 

and 80% of maximum height 

min Minimum height (m) b90 % points between height cut-off 

and 90% of maximum height 

avg Average height (m) b99 % points between height cut-off 

and 99% of maximum height 

std Height standard deviation d01 Point density between 5 m and 10 

m (%) 

ske Skewness d02 Point density between 10 m and 

20 m (%) 

p01 1st percentile height d03 Point density between 20 m and 

30 m (%) 

p05 5th percentile height d04 Point density between 30 m and 

50 m (%) 

 

4.3.4 Reference tree-data 

Reference tree-locations are crucial to measuring ITD-based tree detection accuracy. Tree-

location data were not collected in the field due to a significant displacement between the base 

and tops of trees arising from stem lean and/or sweep and because of the unreliability of GNSS 

locations measured under dense canopies. As ITD algorithms detect treetops in a point cloud, 
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determining their accuracy using reference data collected at ground-level was therefore 

complicated. For each of the 52 plots, we created reference tree-location data by visually 

examining an overlay of ALS, SFP and MFP point cloud data. Terrestrial laser scanning data 

were also used where available (8 PHI plots). Treetops were digitised in CloudCompare, an 

open-source 3D point cloud and mesh processing software tool (CloudCompare, 2017), and 

are referred to here as ‘reference trees’. A total of 965 reference trees were identified in 52 field 

plots. An example of reference trees manually marked in a combination of point cloud data is 

shown in Figure 4.3. The total number of field measured trees in these 52 plots was 991. A 

sample plot level comparison of the number of stems recorded in field with the number of 

reference trees manually identified from point clouds resulted in a correlation of 0.93 (RMSE 

= 3.46), which indicated that it was reasonable to use the manually identified trees as a 

reference. 

 

 

Figure 4.3 An example (PlotID: MRI_05) of manual treetop identification in CloudCompare. Red, 

ALS; blue, SFP; green, MFP; black, reference treetops 

 

4.3.5 ITD algorithms 

For this study we selected two point cloud based ITD algorithms viz. PointcloudITD (Bryson, 

2017; Kathuria et al., 2016) and Li2012 (Li et al., 2012). Parameter optimisation is required for 

both PointcloudITD and Li2012 before applying these algorithms to tree detection. These 

parameters were determined by trial-and-error, to determine an appropriate balance between 
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correct detection and commission rates given that, for example, high detection accuracy can be 

achieved at the cost of high commission errors (Wang et al., 2016). 

 

4.3.5.1 PointcloudITD 

PointcloudITD (PCITD) was developed by Kathuria et al., (2016) and extended by Bryson 

(2017) to increase its computational efficiency, to include a machine learning component, and 

to improve usability with a graphical user interface. The application of this improved version 

is introduced in this current research. PCITD requires reference tree-locations in addition to 

other parameters. First, the algorithm identifies candidate treetops and then classifies these as 

tree-crowns based on reference tree-locations and focal statistics of the candidate treetops. A 

support vector machine (SVM)-based model is used for crown classification. Reference tree-

locations are divided into training and validation samples for model building and accuracy 

assessment, respectively (see Kathuria et al., (2016) for details). A software tool, freely 

available from (FWPA, 2017), was used to apply PCITD to each of the three point cloud 

datasets. 

 

4.3.5.2 Li2012 

Li2012, originally developed by Li et al., (2012), utilises horizontal spacing and height 

thresholds to iteratively classify each point in the point cloud by assigning tree IDs. Horizontal 

spacing thresholds adapt to the height of the point that is classified. Trees are segmented 

individually and sequentially, starting from the tallest tree to the shortest. First, the algorithm 

uses a local maximum filter to detect the highest point, a candidate top of an individual tree, in 

the normalised point cloud. Second, this target tree is then grown by including nearby points 

based on adaptive horizontal spacing thresholds, and is removed from the point cloud once the 

target tree is completely segmented. Third, the algorithm continues to search for the next 

highest point in the remaining point cloud to segment a new tree. The process continues until 

all points are classified/clustered into trees (see Li et al., (2012) for details). A minimum height 

threshold (5 m in our case) can be applied to exclude points below a certain height. An R-

package (lidR) (RStudio Team, 2016) was used to apply Li2012 to each of the three point cloud 

datasets. 
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4.3.6 Tree detection accuracy 

Tree detection accuracy was assessed after identifying treetops in each of the ALS, SFP and 

MFP point clouds using PCITD and Li2012. True positives (TP), false positives (FP) and false 

negatives (FN) were computed for all 52 plots. A TP is a tree identified by the algorithm and 

within 1.5 m of a reference tree; an FP is a tree identified by the algorithm but without a 

reference tree within 1.5 m (an error of commission); and an FN is when the algorithm fails to 

identify a tree within 1.5 m of a reference tree (an error of omission). A threshold of 1.5 m was 

selected based on visual assessment of the crown diameters in the point cloud data. Tree 

detection accuracy was also evaluated by computing recall (r), precision (p) and F-score 

(Goutte and Gaussier, 2005; Li et al., 2012), with each of these ranging from 0 – 1 (eq. 4.1 - 

eq. 4.3eq. 4.1), where r and p are inversely proportional to errors of omission and commission, 

respectively. A high F-score, which is the harmonic mean of r and p, indicates high overall 

accuracy of tree detection. Hereafter the r, p and F-scores combined are referred to as tree 

detection rates.  

 

𝑟 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
 

eq. 4.1 

  

𝑝 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
 

eq. 4.2 

  

𝐹-𝑠𝑐𝑜𝑟𝑒 = 2 ×
(𝑟×𝑝)

(𝑟+𝑝)
 eq. 4.3 

 

Additionally, the relationships between tree detection rates and plot metrics were investigated 

by examining correlations between r, p and F-scores and plot metrics (Table 4.1). In this 

research, an uppercase ‘R’ is used to denote correlation and a lowercase ‘r’ for recall in order 

to differentiate between the two. 

 

4.4 Results 

4.4.1 Comparison of Individual Tree Detection algorithms 

Figure 4.4 compares the performance of the PCITD and Li2012 algorithms in terms of the 

proportion of detected trees (Figure 4.4a), errors of omission (Figure 4.4b) and commission 

(Figure 4.4c). The overall number of detected trees is evaluated with respect to the number of 
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(manually identified) reference trees in all 52 plots. Errors of omission and commission were 

evaluated with respect to the number of reference trees and the total number of trees detected 

by the algorithm. All evaluations are presented in percentages. In Figure 4.4a, a detection 

percentage of 100 means that the number of trees detected by the algorithm, inclusive of 

commission errors, matched the number of reference trees. An overall detection percentage 

lower than a 100 means that the algorithm identified less trees than the number of reference 

trees (a net deficit due to omission errors); whereas a percentage higher than a 100 means that 

the algorithm identified more trees than the number of reference trees (a net excess due to 

commission errors). 

 

 

Figure 4.4 Comparison of PCITD and Li2012 in terms of: (a) overall detection percentage with 

respect to the total number of reference trees; (b) proportion of reference trees that was detected 

(TP_r) and the proportion that was omitted (FN) (the sum of detected and omitted trees is equal to 

the total number of reference trees); (c) proportion of detected trees that could be matched with a 

reference tree (TP_d) and the proportion of detected trees that could not be matched with a reference 

tree (FP) (the sum of matched and unmatched trees is equal to the total number of trees detected by 

an algorithm) 

 

Overall, Figure 4.4a shows that for our data PCITD tended to underestimate the number of 

reference trees in the ALS and MFP data, but slightly overestimate the number of reference 

trees in the SFP data. In contrast, Li2012 consistently overestimated the number of reference 

trees in all the three datasets, with the highest overestimation in ALS (approx. 38%). 

 

Figure 4.4b shows the proportion of the reference trees that was detected (TP_r) by the 

algorithm and the proportion that was omitted (FN), and so the sum of detected and omitted 
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trees is always 100%. Both algorithms were able to correctly detect more than 70% of the 

reference trees in all three datasets. In the case of ALS, Li2012 performed more reliably than 

PCITD: the percentage of correctly detected trees for Li2012 was ~13% higher than that of 

PCITD. In the case of SFP and MFP, the performance of the algorithms was comparable as 

indicated by the difference between the percentage of correctly detected trees which was 

always less than 5%. Across all the datasets, PCITD had a slightly smaller range of errors of 

omission (~8.7%) than that of Li2012 (~10.6%). 

 

Figure 4.4c shows the proportion of the detected trees that could be matched with a reference 

tree (TP_d) and the proportion of detected trees that could not be matched with a reference tree 

i.e. False Positives and so errors of commission. The sum of matched and unmatched trees is 

always 100%. At least 60% of the trees detected by either of the algorithms matched the 

reference trees. Across all the three datasets, PCITD clearly outperformed Li2012: at least 77% 

of the trees detected by PCITD matched the reference trees, whereas at most 69% of the trees 

detected by Li2012 matched the reference trees. This also shows that while PCITD tended to 

underestimate the total number of reference trees (Figure 4.4a), it resulted in lower errors of 

commission compared with Li2012. Across all the datasets, errors of commission were 

consistently lower for PCITD than they were for Li2012. Similar to our observation in Figure 

4.4b, across all the datasets, the range of errors of commission of PCITD was about 7% lower 

than that of Li2010. 

 

Generally, other research suggests that ITD algorithms tend to achieve a high percentage of 

correctly detected trees at the cost of high commission errors (Wang et al., 2016). This means 

that commission errors are positively correlated with the proportion of correct detection (TP_r), 

which in our case was true for both PCITD and Li2012: for PCITD, the correlation between 

TP_r and commission errors calculated for each of the plots was 0.17, -0.01 and 0.2 for ALS, 

SFP and MFP, respectively; whereas, for Li2012 the correlations between TP_r and 

commission errors was slightly higher than those for PCITD i.e. 0.35, 0.56, 0.40  for ALS, SFP 

and MFP, respectively. This indicates that, compared with Li2012, PCITD tended to achieve 

higher correct detections (accuracy) and lower commission errors. 
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4.4.2 Analysis of tree detection rates with respect to canopy structure and point clouds 

For each of the 52 individual plots, tree detection rates of the two ITD algorithms were also 

calculated in terms of r, p and F-score for each of the three point cloud datasets (Figure 4.5). 

Examining the performance of the two ITD algorithms for each of the datasets, two 

observations emerge. First, the values of r in the MRI plots are lower than those in the PHI 

plots, indicating higher errors of omission in the younger aged MRI plots compared with PHI 

plots. Second, the values of p in the MRI plots are higher than those in the PHI plots, indicating 

lower errors of commission in the MRI plots compared with PHI plots. Stocking rates in the 

MRI and PHI age classes were between 500 – 600 and 350 – 450 TPH, respectively and so a 

likely cause of these systematic findings may be stocking rate and consequent structural 

complexity of the canopy (Falkowski et al., 2008; Li et al., 2012). 

 

 

Figure 4.5 Comparison of tree detection rates of the two ITDs. a) recall (r), b) precision (p), and c) 

F-score. The values of r in the MRI plots are lower than those in the PHI plots, the values of p in the 

MRI plots are higher than those in PHI plots 

 

Comparative performance of ALS, SFP and MFP is shown in Table 4.2. The values of r, p and 

F-scores are based on the total number of TP, FP and FN in 52 plots. For PCITD, the 

performance of SFP is clearly better than that of ALS and MFP. Also, in the case of SFP, the 

errors of omission and commission are the same. This indicates that, compared with ALS and 

MFP, SFP achieved high tree detection accuracy and lower errors of commission. Tree 

detection accuracy of MFP was only slightly higher than that of ALS, however the errors of 

commission for MFP were slightly higher than that for ALS. Overall the three datasets achieved 

similar accuracy when PCITD was used: the maximum difference among ALS-, SFP- and 

MFP-based tree detection rates was extremely small (Δr, Δp and ΔF-score were 0.09, 0.02 and 

0.05, respectively). 
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For Li2012, the highest tree detection accuracy among the three datasets was achieved by ALS, 

however the errors of commission for ALS were also the highest among the three datasets 

(Table 4.2). Compared with ALS, the SFP- and MFP-based tree detection accuracy and errors 

of commission were both lower. Our results show that the performance of SFP was better than 

that of MFP. Overall the three datasets responded differently to Li2012, with small differences 

among ALS-, SFP- and MFP-based tree detection rates (Δr, Δp and ΔF-score were 0.11, 0.08 

and 0.03, respectively). Small differences among the ALS-, SFP- and MFP-based tree detection 

rates from the two ITD algorithms suggest that the three datasets tended to achieve similar 

levels of accuracy.  

 

Table 4.2 Tree detection rates from PCITD and Li2012. These calculations are based on the total 

number of TP, FP and FN in all 52 plots and for each of the ALS, SFP and MFP dataset. The highest 

values of r, p and F-score among the three datasets are highlighted in bold 

 PCITD Li2012 

 ALS SFP MFP ALS SFP MFP 

r 0.70 0.79 0.71 0.84 0.75 0.73 

P 0.78 0.79 0.77 0.61 0.69 0.66 

F-score 0.74 0.79 0.74 0.70 0.72 0.69 

 

4.4.3 Relationship between plot metrics and tree detection rates 

To investigate possible relationships between canopy structure and the tree detection rates (r, 

p and F-score) for the three datasets, we computed Pearson’s coefficient of correlation between 

tree detection rates and the reduced set of plot metrics (Table 4.1). An overview of these 

correlations is illustrated graphically in Figure 4.6. While these correlations tend to show 

similar trends across the three datasets, some notable differences were observed and are 

highlighted in Table 4.3.  
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(a) (b) (c) 

Figure 4.6 Correlation between plot metrics and tree detection rates for (a) ALS, (b) SFP and (c) 

MFP 

 

For both ITD algorithms, plot metrics with a correlation higher than |0.5| with at least one of 

the tree detection rates in any of the three datasets are summarised in Table 4.3. Correlations 

higher than |0.5| are highlighted in bold. Overall, a typical relationship between the values of r 

and p can be observed: tree detection accuracy increases at the cost of increase in errors of 

commission and vice-versa. 

 

Table 4.3 Correlations between tree detection rates and plot metrics are given. Plot metrics that 

adversely affected detection rates are indicated by a negative sign. Correlations higher than 0.5 are 

given in bold 

ITD 

method 

Plot 

metric 

r p F-score 

ALS SFP MFP ALS SFP MFP ALS SFP MFP 

PCITD 

BA -0.45 -0.30 -0.28 0.45 0.40 0.54 -0.12 0.08 0.17 

TPH -0.66 -0.39 -0.40 0.66 0.48 0.72 -0.23 0.06 0.16 

cov5 -0.44 -0.22 -0.09 0.49 0.19 0.63 -0.06 -0.04 0.39 

           

Li2012 

BA -0.40 -0.53 -0.48 0.56 0.58 0.61 0.41 0.07 0.21 

TPH -0.62 -0.76 -0.71 0.83 0.83 0.81 0.54 0.03 0.15 

cov5 -0.41 -0.53 -0.39 0.71 0.72 0.79 0.61 0.30 0.51 

rumple -0.17 0.61 0.22 0.22 -0.51 -0.62 0.22 0.07 -0.41 

min -0.32 -0.50 -0.28 0.40 0.58 0.62 0.25 0.11 0.40 

std 0.34 0.43 0.18 -0.47 -0.63 -0.58 -0.33 -0.24 -0.38 

ske 0.12 -0.40 -0.16 -0.13 0.52 0.39 0.01 0.18 0.25 

p01 -0.17 -0.35 -0.07 0.22 0.53 0.47 0.20 0.21 0.38 

b80 0.39 0.45 0.30 -0.41 -0.45 -0.63 -0.24 -0.06 -0.36 
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Table 4.3 shows that, compared with Li2012, fewer plot metrics (n=3) had an influence on the 

PCITD-based tree detection rates. For PCITD, there was no consistent trend observed across 

the three datasets. Among all the three datasets, ALS-based value of r was strongly negatively 

influenced by TPH (R = 0.66), meaning that tree detection accuracy decreases with increase in 

stocking. Compared with ALS-based value of r, the lower correlation of SFP- and MFP-based 

values of r with plot metrics suggest that plot metrics have lesser influence on tree detection 

accuracy for SFP and MFP when PCITD was used. Among the three datasets, the influence of 

plot metrics is the lowest on SFP-based values of p. A strong correlation between the ALS-

based p value and TPH suggests that commission errors decrease with increase in stocking 

when ALS data is used. In the case of MFP, our results show that errors of commission decrease 

with increase in BA, TPH and cov5. Regarding overall accuracy of tree detection, the F-score 

did not show a strong correlation with any of the plot metrics. Our PCITD-based results 

probably suggest that this algorithm is relatively less sensitive to plot metrics. 

 

Compared with PCITD, Li2012-based tree detection rates were sensitive to many plot metrics 

(Table 4.3). A consistent trend was observed across the three datasets: the values of r were 

negatively influenced by TPH; i.e. increase in stocking resulted in a decreased value of r 

(meaning high rates of omission). In comparison with SFP and MFP, the influence of TPH was 

lower on the ALS-based value of r (correlation between r and TPH for ALS, SFP and MFP was 

0.62, 0.76 and 0.71, respectively). This suggests that compared with SFP and MFP, ALS-based 

tree detection accuracy is influenced to a lesser extent by TPH when Li2012 is used.  

 

In all three datasets, the values of p were favoured by increasing BA, TPH and cov5 as indicated, 

respectively, by 0.56, 0.83 and 0.71 for ALS; 0.58, 0.83 and 0.72 for SFP; and 0.61, 0.81 and 

0.79 for MFP. Among BA, TPH and cov5, the correlation between TPH and the value of p of 

each of the datasets was the strongest. For all three datasets, the correlations among the values 

of p and BA, TPH and cov5 were similar. This suggests that with an increase in BA, TPH and 

cov5, errors of commission for the three datasets follow a similar decreasing trend. 

 

SFP-based values of r were favoured by an increase in rumple (R = 0.61), which indicates that 

the higher the canopy surface roughness the lower are the errors of omission. BA and cov5 are 

shown to adversely affect r (R = 0.53 and 0.53, respectively); i.e. an increase in BA and cov5 
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resulted in higher rates of omission. In all the three datasets, the value of r did not have a strong 

correlation with any other plot metric. 

 

In addition to BA, TPH and cov5, the plot metric that favoured SFP- and MFP-based values of 

p was min (R = 0.58 and 0.62, respectively); however, the influence of min on SFP is slightly 

lower than on MFP. This is probably due to the higher penetrative ability of SFP compared 

with MFP as illustrated in Figure 4.2. Both SFP- and MFP-based values of p were adversely 

affected by rumple (R = 0.51 and 0.62) and std (R = 0.63 and 0.58, respectively). This presents 

a typical case, as observed in 3 above, that an increase in surface roughness favours tree 

detection accuracy (the value of r) at the cost of errors of commission. SFP-based values of p 

were favoured by ske and p01 (R = 0.52 and 0.53, respectively). In addition to those mentioned 

above, MFP-based value of p increased with decreasing b80 (R = 0.63). 

 

F-score responded differently to each of the datasets: an increase in TPH and cov5 favoured 

ALS-based overall accuracy (R = 0.54 and 0.61, respectively); whereas, MFP-based overall 

accuracy increased with an increasing cov5 (R =0. 51). 

 

4.5 Discussion 

In this study, we evaluated the suitability of SFP- and MFP-based point clouds for detecting 

individual trees in comparison with ALS data for a P. radiata plantation in north-east Tasmania. 

Our findings indicate that ITD algorithms can be applied to SFP- and MFP-based point clouds 

with results comparable to that from an ALS point cloud. They also suggest that the proportion 

of correctly identified trees is influenced by factors that include the choice of ITD algorithm, 

the canopy structure and the response of point cloud data to the structural elements of the 

canopy. 

 

4.5.1 Individual Tree Detection algorithms 

The accuracy levels achieved by the two ITD algorithms, particularly in terms of true positive 

(TP), false positive (FP) and false negative (FN) results, were not consistently similar (Figure 

4.4). Overall, comparison of the two ITD algorithms showed that for our data the performance 

of PCITD was better than that of Li2012. As noted in section 4.1, PCITD tended to achieve 

higher detection accuracies and lower commission errors in comparison with Li2012. We 

attribute this to the different architecture of the two algorithms. PCITD draws its strength from 
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training data (i.e. reference tree-locations) to build a classification model and classify the point 

cloud data to identify trees/crowns. Li2012 is solely based on point cloud data, uses horizontal 

distance and height thresholds, and classifies each point in the point cloud by assigning it to a 

tree. For our data, Li2012 was more prone to commission errors than PCITD. We note two 

possible explanations for these higher commission errors. First, parameter optimisation has a 

significant effect on the resultant tree detection accuracies. A smaller horizontal distance 

threshold may improve the percentage of correctly detected trees but at the cost of increase in 

commission errors. Similarly, a larger horizontal distance threshold may reduce commission 

errors but at the cost of increase in omission errors. These parameters need to be tuned to the 

forest structure based on the knowledge of the study area. Second, as noted in Li et al., (2012), 

misclassification may occur when the canopy is not uniformly sampled due to low ALS point 

density. This might have affected our Li2012-based results: average ALS point density was ~2 

points m-2; and the SFP- and MFP-point clouds suffer from occlusion which may result in the 

unequal sampling of the canopy. When using Li2012, it is anticipated that tree detection 

accuracy may improve with an increased ALS point density and with effective flight planning 

that minimises the effects of occlusion and shadowing, if DAP-based point clouds are used. 

 

The better performance of PCITD may also be influenced by the fact that PCITD was primarily 

developed for P. radiata plantations whereas Li2012 was developed using a study area that 

was characterised by mixed conifer forest with a range of tree densities. The performance of 

ITD algorithms may be slightly better in the conditions for which they were developed 

(Vauhkonen et al., 2012). A disadvantage of PCITD is its dependence on training data, which 

may not always be available.  

 

4.5.2 Analysis of tree detection rates with respect to canopy structure and point clouds 

Our results show that canopy structure has an influence on tree detection rates (Figure 4.5). In 

most cases, for both ITD algorithms, tree detection accuracy (the value of r) was relatively low 

in the MRI plots compared with the PHI plots. The value of p, in most cases was relatively 

high in the MRI plots compared with the PHI plots. The relationship of the values of r and p 

with MRI and PHI plots can be explained by the different stocking rates between these plots, 

with stocking rate in the MRI plots higher than in the PHI plots. As reported in previous studies 

(Falkowski et al., 2008; Li et al., 2012; Wang et al., 2016), errors of omission are relatively 

higher in dense plots than in sparse plots. Similarly, errors of commission are relatively lower 
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in dense plots than in sparse plots. This can possibly be explained by the behaviour of the tree 

detection algorithm. ITD algorithms that use a search window for local maxima detection, as 

in our case, may result in high errors of omission if the size of the search window is bigger than 

the spacing between the treetops. For example, in relatively dense plots (such as MRI), it is 

possible that more than one reference/actual treetops will fall within the search window, out of 

which only the highest will be identified as a treetop by the algorithm. While in dense plots the 

errors of omission could be high, the likelihood of the detected treetops to be true positive is 

also high, which is shown by the higher values of p in the MRI plots than that in the PHI plots 

(Figure 4.5). 

 

As noted in section 4.1, tuning parameters in ITD algorithms significantly affect tree detection 

accuracies. It is expected that tree detection accuracy may improve if these parameters are 

tuned separately for each age class/stand in a plantation, particularly if training data (reference 

tree-data) are not available. ITD algorithms that use training data are expected to account for 

the variation in stocking rates among age classes/stands. 

 

Comparing the three datasets, our results are encouraging – showing that tree detection rates 

for ALS, SFP and MFP were largely similar irrespective of the ITD algorithm used: the 

difference among overall tree detection rates (52 plots combined) of the three point cloud 

datasets was always less than 0.11, 0.08 and 0.05 for r, p and F-score, respectively (Table 4.2). 

ALS data penetrates deeper into the canopy (Figure 4.2) and is less affected than DAP by 

occlusions (e.g. Iqbal et al., 2018). This suggests that it is highly likely that ALS will detect 

trees that were not represented, in-part or completely, by the DAP-based point clouds. Our 

results, however, show that in our study area (i.e. a P. radiata plantation) DAP resulted in tree 

detection rates similar to ALS. The similar performance of DAP and ALS in this type of forest 

can be attributed to the fact that pine treetops usually tend to emerge and are captured in the 

DAP and that the effects of occlusion and shadowing are minimal in the upper canopy 

(particularly where terrain slope is mild). This indicates the suitability of SFP- and MFP-based 

point clouds for individual tree detection in a single-layered P. radiata plantation. In multi-

layered forests, the results may be different because DAP can be expected to miss smaller trees 

due to the lower penetrative ability of DAP compared with ALS. 
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Comparing the two DAP-based point clouds, irrespective of the algorithm used, the 

performance of SFP was slightly better than that of MFP; however, the difference between tree 

detection rates was very small. The difference between their respective values of r, p and F-

scores was less than 0.08, 0.03 and 0.05, respectively. Our results strongly suggest that forest 

managers may choose between SFP and MFP on the basis of operational considerations rather 

than the relative performance of the resultant point clouds for stocking estimates. 

 

4.5.3 Relationship between plot metrics and tree detection rates 

PCITD showed that ALS-based tree detection accuracy (the value of r) and errors of 

commission were strongly correlated with TPH only, and that MFP-based errors of commission 

only were strongly correlated with BA, TPH and cov5. For this ITD method, SFP derived tree 

detection rates did not show any strong correlation with any of the plot metrics. In comparison 

with Li2012, the correlations between tree detection rates and plot metrics were weaker for 

PCITD in nearly all cases. In order to evaluate the relationship between plot metrics and the 

three point cloud datasets, in the section below we base our discussion on the Li2012 results. 

 

Examining first the field-based plot metrics, our results indicate that tree detection accuracy 

(the values of r) was negatively correlated with stocking (trees per hectare) and basal area 

(Table 4.3): plots with higher stocking rates and higher basal area were associated with higher 

errors of omission (more false negatives). We found that the correlation between tree detection 

accuracy and TPH was stronger than that between tree detection accuracy and BA. It can be 

inferred that omission errors were mainly driven by the stocking rates in our study area. High 

stocking rates lead to more overlapping crowns due to decrease in spacing between treetops 

(Falkowski et al., 2008; Jeronimo et al., 2018), which results in high omission errors (as 

explained in section 5.1). This also means that while omission errors increase with increase in 

stocking rates, commission errors tend to decrease because the algorithm is less likely to falsely 

detect a treetop when the stocking rate is high. This is indicated by the strong positive 

correlation of the value of p with BA, TPH and cov5. As stocking rate and canopy cover are 

closely connected, the relationship of cov5 with errors of commission is similar to that of TPH. 

Previous studies have shown that errors of omission and commission counterbalance each other 

(Li et al., 2012), which is shown by the relatively weak correlations of F-scores with TPH and 

BA. Among the three datasets, the ALS-based F-score showed the strongest correlation with 

TPH and cov5, which indicates that the overall accuracy of tree detection for ALS improved 
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with increase in stocking rates. It is important to note that the response of ALS, SFP and MFP 

point clouds to TPH, BA and cov5 was comparable, particularly the values of r and p in Table 

4.3.  

 

Examining the point cloud based plot metrics, there are differences that can be explained by 

the characteristics of the ALS and DAP-based point clouds. Comparing the errors of omission 

and commission for each dataset (i.e. comparing ALS r with ALS p, SFP r with SFP p and 

MFP r with MFP p), mostly these point cloud based metrics were more strongly correlated with 

commission errors than they were with omission errors (Table 4.3). 

 

The value of p was negatively correlated with rumple for both of the DAP-based point clouds. 

This indicates that errors of commission increase with increase in canopy outer surface 

roughness. An explanation for this observation may be that dense DAP-based point clouds tend 

to characterise the upper canopy surface in great detail, which may result in false peaks that 

are identified as trees by the algorithm. Another possibility may be the presence of noise points 

generated by the photogrammetry software and that may add to the roughness of the canopy 

surface and present as false treetops. Further, incomplete coverage of the canopy in DAP-based 

point clouds may result in high canopy outer surface roughness (Li et al., 2012). 

 

The value of p was positively correlated with the point cloud-metric min for both of the DAP-

based point clouds. This indicates that errors of commission decrease with increased 

penetration through the canopy. This can be explained by the penetrative ability of the three 

point clouds, which is the highest for ALS, followed by SFP and MFP (Figure 4.2). Comparing 

the relationship of ALS-, SFP- and MFP-based values of p with the min metric, it can be 

inferred that the relationship between p and min weakens as the penetration through the canopy 

increases. With high penetration through the canopy, there is a possibility that the (almost) 

complete morphological structure of large branches located at low heights will be registered in 

the DAP and the ITD algorithm will be able to associate these branches to an existing tree 

rather than falsely identifying them as individual treetops or separate trees. 

 

The value of p was negatively correlated with std for both of the DAP-based point clouds. This 

indicates that errors of commission decrease when height-variation in the DAP-based point 

cloud are small. This suggests that the smaller the variations in the heights of DAP-based point 
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clouds, the smoother can be the canopy outer surface (low rumple), which will decrease the 

errors of commission.  

 

Comparing the F-scores of the three datasets, except TPH and cov5, the overall accuracy of 

tree detection was weakly correlated with plot metrics. Compared with SFP and MFP, the 

overall accuracy of ALS-based tree detection is favoured by increase in canopy cover. 

Alternatively, it can also be drawn that increasing the ALS point density will result in more 

canopy hits, which may possibly increase the overall accuracy of tree detection (Wang et al., 

2016). 

 

4.6 Conclusion 

Point cloud based individual tree detection algorithms developed for ALS data have, to our 

knowledge, not been applied to DAP-based point clouds. In this study we applied point cloud 

based ITD algorithms to dense point clouds derived from small- and medium-format digital 

aerial photography acquired over a P. radiata plantation and compared our results with those 

from an ALS point cloud. Generally, there is a good agreement between ALS- and DAP-based 

results, suggesting the suitability of DAP-based point clouds for detecting individual trees. This 

also suggests that even though the architecture of the ITD algorithms was different, their 

performance in a homogeneous plantation appears to be comparable for ALS- and DAP-based 

point cloud data. Our results show that in large part tree detection rates (r, p and F-scores) are 

strongly associated with the number of trees per hectare (TPH). Although previous research 

suggested that point cloud metrics derived from ALS- and DAP-based point clouds were 

significantly different (Iqbal et al., 2018), these differences did not show a strong influence on 

tree detection rates. Plot metrics derived from point cloud data were relatively weakly 

correlated with tree detection rates. These findings support the application of digital aerial 

photography and SfM-MVS photogrammetry as a practical alternative to ALS for plantation 

forest inventory. 
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Chapter 5 Summary and Conclusions 

 

This thesis has researched the application to forest inventory of 3D point cloud data derived 

from digital aerial photography (DAP) and Structure from Motion (SfM) photogrammetry, 

with a focus on their application to Australia and New Zealand’s largest plantation forest 

species, Pinus radiata. 

 

Chapter 2 (published in Australian Forestry) and Appendix 2.1 reported on the evaluation of 

point cloud data generated from DAP using different photogrammetric strategies. This work 

showed that, although there were detectable differences between point clouds generated using 

different processing strategies, these differences did not result in statistically significant 

changes to the canopy metric derived from the point clouds and used for forest inventory. In 

addition, the performance of the DAP-based point cloud data in different age classes (EAI, 

MRI and PHI) demonstrated its applicability through all stages of forest inventory. 

Observations regarding loss of information due to occlusions, shadowing and the influence of 

terrain slope are reported. These can be used to inform flight planning, including the choice of 

camera image format, focal length, flying height, forward- and side-overlap, flight line 

orientation relative to terrain, and sun angle at the time of photo-acquisition. Comparing DAP-

based point clouds with ALS, it was shown that canopy metrics representing the proportion of 

points in the upper canopy were largely similar for ALS- and DAP-based point cloud; however 

canopy metrics representing the proportion of points in the lower regions of the canopy were 

largely dissimilar (statistically different) for ALS- and DAP-based data. 

 

Chapter 3 (published in International Journal of Applied Earth Observation and 

Geoinformation) and Appendix 3.1 reported on an investigation of the application of DAP-

based point cloud data for estimation of forest inventory attributes and showed that DAP can 

be employed to estimate inventory attributes with accuracy levels similar to inventory derived 

from ALS. Canopy metrics derived from ALS- and two DAP-based point cloud datasets – 

derived from small- and medium-format photography (SFP and MFP) – were employed as 

input in statistical models to estimate forest inventory attributes at both plot- and stand-level 

using an area-based approach. ALS-based plot-level results were slightly more accurate than 

DAP; however, overall differences between ALS- and DAP-based results were small. It was 

noted that although canopy metrics derived from ALS- and DAP-based point clouds were 
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significantly different (Chapter 2), these differences had only a minimal effect on estimates of 

forest attributes. Moreover, close similarities between forest attributes estimated from the two 

DAP datasets (i.e. SFP and MFP) acquired using different specifications (sensor format, photo-

overlap, sun angle and light conditions) indicated the robustness of DAP for forest inventory 

estimation under a variety of different operational photo acquisition conditions. Close 

agreement between of our SFP- and MFP-based inventory estimates with similar studies that 

employed large-format photography suggests that forest managers may choose from a variety 

of camera formats (large-, medium-, small-format) to acquire point cloud data and that the 

point cloud data can be used in the modelling of forest inventory attributes using standard 

inventory methods regardless of its source to produce reliable inventory estimates. Our results, 

in concurrence with similar studies, also indicated that among the forest inventory attributes 

investigated, stocking was modelled with the lowest accuracy. 

 

Chapter 4 investigated the suitability of DAP-based point cloud data for individual tree 

detection. Two different point cloud based ITD algorithms were applied to the project’s ALS-, 

SFP- and MFP-based point cloud datasets. The two ITD algorithms achieved different results 

which is a finding consistent with earlier studies that evaluated different ITD algorithms. 

However, for each of the ITD algorithm, tree detection results were comparable for ALS, SFP 

and MFP based point cloud datasets. Our analysis showed that ITD results were influenced by 

the structural complexity of the canopy. Factors that may contribute to the complexity of 

canopy structure include high stocking, as in the EAI class; the horizontal extent of crowns, as 

in the MRI and PHI classes; the uniformity of tree crowns, as in the MRI class; and the 

morphological structure and distribution of large branches located at low heights, as in the PHI 

class. Among the metrics that characterised the point cloud distribution in, and the physical 

complexity of the canopy, our results show that tree detection rates (r, p and F-score) were 

strongly associated with the number of trees per hectare (TPH), which is one of the factors that 

adds to canopy complexity. Given the possibility that occlusion and shadowing may be 

minimised through effective flight planning and that significant gaps in the DAP-based point 

clouds can be reduced, we conclude that existing ITD algorithms can be applied to 

photogrammetrically derived point cloud data to achieve accuracy levels similar to ALS. 

 

This thesis contributes to the body of knowledge, highlighting that DAP can be used to extract 

dense point clouds that respond to the structure of a P. radiata plantation in a manner that is 
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sufficiently robust to the selection of camera, platform and SfM processing strategy. This has 

been demonstrated in three ways: i) in terms of the characteristics of DAP point cloud data and 

the estimation of standard inventory statistics; ii) the derivation of key forest inventory 

attributes; and iii) the application of individual tree detection algorithms. The findings 

contribute to the growing consensus that DAP-based point cloud data is an alternative to ALS 

for operational forest inventory. An encouraging outcome of this research is that the methods 

already being deployed by forest managers for ALS point cloud data can successfully be 

applied to point clouds derived from a very different source (DAP). The research highlights 

aspects of flight planning and data processing that will help to ensure that DAP is fit for purpose. 

This includes flight planning that minimises occlusions and shadowing to optimise 

completeness of canopy data, and the need to ensure that a sufficiently reliable digital terrain 

model is available. 

 

For forest managers, the findings indicate that photogrammetric point cloud data acquired from 

a variety of camera formats, and hence camera platforms, can be employed, when operationally 

and logistically appropriate, as a practical alternative to ALS for forest inventory. Operational 

considerations to inform these management decisions are provided by Osborn et al., (2017).  

 

5.1 Limitations of this thesis 

In Chapter 2, the analysis of vertical profiles, the penetration of DAP-based point clouds 

through the canopy and the effects of occlusions on DAP-based point clouds were based on a 

small sample size (number of plots=16). These 16 plots comprised 8 PHI, 4 MRI and 4 EAI 

plots and were used to characterise the photogrammetric and ALS point clouds in each of the 

three age classes. It was not practical to conduct a detailed analysis of all 105 plots. However, 

using a larger sample taken from the 105 plots would not necessarily provide a better 

characterisation of the point clouds since there are additional variables not tested within this 

one dataset, including forest type, forest condition, flight planning parameters, and processing 

strategies. It is important to note that canopy height metrics, which are essential input to forest 

inventory models (Chapter 3), were statistically analysed for all 105 plots to highlight 

similarities and/or differences among the point cloud data used. 

 

The reference tree data used in Chapter 4 was manually extracted from the point cloud data 

rather than from field measurement. This approach to compiling reference tree data has been 
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used in a number of similar studies (e.g. Goldbergs et al., 2018; Li et al., 2012; Wang et al., 

2016).  A shortcoming of this approach is that manual identification of reference trees from 

point cloud data requires interpretive skill and is unlikely to be exactly replicable. To validate 

the accuracy of the reference tree data, the number of manually identified trees was compared 

at plot-level with field measured trees. The comparison resulted in a good agreement between 

the two datasets (r = 0.93, RMSE = 3.46), indicating the suitability of manually generated 

reference data. Further, it must be noted that field based measurements of treetop location and 

tree height are also difficult and generally lack precision. A recurring challenge in studies of 

this kind is that the remotely sensed data may provide greater accuracy than field observations.  

 

5.2 Future research 

Chapter 4 of this thesis focused on evaluating the suitability of DAP-based point clouds for 

ITD. An assessment of DAP-based point clouds applied to raster-based ITD or a comparison 

between point cloud- and raster-based ITD was outside the scope of the thesis: the focus of the 

investigation, in line with the overall research objectives, was to compare the efficacy of DAP 

point clouds and ALS point clouds as data types for ITD. The operational application of point 

cloud based ITD is a relatively new area of research and one that is being investigated 

internationally (e.g. Ayrey et al., 2017; Chen et al., 2018; Khorrami et al., 2018). Only a small 

number of studies have been conducted to benchmark different ITD methods (e.g. Eysn et al., 

2015; Kaartinen et al., 2012; Wang et al., 2016) and these have operated at a number of 

different scales which limits the capacity to compare studies (Yin and Wang, 2016). However, 

the application of DAP point clouds to raster processing strategies and a comparison of the 

reliability of ITD data derived from raw DAP point clouds compared with ITD data derived 

from rasterised DAP point clouds are important topics for future research. In combination, this 

additional research might help to standardise operational practice. 

 

An additional topic for future research is comparing area-based and ITD-based methods for 

estimating stocking. There is a limited number of studies on the topic (e.g. Peuhkurinen et al., 

2011; Rahlf et al., 2015). Further investigations of stocking estimates derived from area-based 

and ITD approaches are needed in order to gather and consolidate evidence and establish the 

performance of these methods in different forest conditions highlighting the advantages, 

disadvantages and data processing requirements of each method and thus allowing forest 

managers to apply a method that suits their needs and available resources. 
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A B S T R A C T

Forest inventory operations have greatly benefitted from remotely sensed data particularly airborne laser
scanning (ALS) which has become a popular technology choice for large-area forest inventories. For remote
regions, for fragmented estates or for single stand-level inventories ALS may be unsuitable because of the high
cost of data acquisition. Point cloud data generated from digital aerial photography (DAP) is emerging as a cost-
effective alternative to ALS. In this study we compared area-based forest inventory attributes derived from point
cloud datasets sourced from ALS, small-format and medium-format digital aerial photography (SFP and MFP).
Non-parametric modelling approach, namely RandomForest, was employed to model forest structural attributes
at both plot- and stand-levels. The results were evaluated using field data collected at 105 inventory plots. At
plot-level, the maximum difference among relative RMSEs of basal area (BA), top height (Htop), stocking (N) and
total stem volume (TSV) of the three datasets was 2.46%, 0.55%, 13.29% and 2.53%, respectively. At stand-
level, the maximum difference among relative RMSEs of BA, Htop, N and TSV of the three datasets was 3.86%,
1.25%, 7.85% and 6.04%, respectively. This study demonstrates the robustness of DAP across different sensors,
and thus informs forest managers planning data acquisition solutions to best suit their operational needs.

1. Introduction

Forest inventories that provide standing product volume estimates
in commercial forests increasingly combine field-based assessments
with airborne remote sensing. In the past few decades, Airborne Laser
Scanning (ALS) has become a particularly popular technology choice
for large-area inventories (White et al., 2016). The capability of ALS to
retrieve data from throughout the forest canopy and the ground below,
its high spatial resolution (point density), and high vertical accuracy
make it an effective tool to accurately characterise the three-dimen-
sional (3D) structural attributes of a forest (Maltamo et al., 2014).
When paired with field measurements through a modelling process,
plot-level data derived from an ALS point cloud data can be used to
derive spatially explicit stand- or estate-level estimates of forest in-
ventory (McRoberts et al., 2016; Næsset, 2002).

The drawback of employing ALS lies in the high cost of data ac-
quisition, driven by the high fixed-cost of the technology and the need
for manned aircraft. Typically, ALS-based inventory is undertaken at
the regional- or estate-scale to amortise these costs over a large area
(White et al., 2016). The technology is not well-suited to application in

remote areas, small fragmented areas or single stand-level inventories.
The deployment of ALS is also less attractive if a reliable digital terrain
model (DTM) has previously been acquired, whether from an earlier
ALS campaign or some other means, since the additional benefits of
acquiring that DTM are now no longer a component of the cost-benefit
decision.

In contrast, the deployment costs for an aircraft equipped with a
digital camera are considerably lower and Digital Aerial Photography
(DAP) is emerging as a potential alternative to ALS for forest inventory
surveys (Bohlin et al., 2012; Puliti et al., 2017). The capability of DAP
to compete with ALS is mainly driven by the advances in digital camera
technology (increasingly high spatial resolution, high dynamic range,
fast image cycle time), increased access to high performance com-
puting, and developments in photogrammetric image-matching algo-
rithms – particularly Structure-from-Motion Multi-View Stereopsis
(SfM-MVS) (Haala and Rothermel, 2012; Leberl et al., 2010; Stone
et al., 2016). Aerial photography is often less expensive to acquire than
ALS data; aerial photography can be acquired using a wide variety of
light aircraft or UAV platforms; and unlike ALS, aerial photography
does not rely on sophisticated on-board position and orientation sensors
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(GNSS and IMU instrumentation) since spatial geo-referencing of de-
rived point clouds can be based on either on-board sensors or can use
ground control appearing in the photographs (Stone et al., 2016). A
variety of commercial and non-commercial software tools are available
(Eltner et al., 2016) that employ SfM-MVS algorithms to generate dense
point clouds from multiple overlapping photographs (Micheletti et al.,
2015; Smith et al., 2016; Westoby et al., 2012). The resulting point
clouds are normalised with a reliable DTM, which may be derived ei-
ther from an earlier ALS campaign or using photogrammetric techni-
ques at a time when the canopy cover is sparse. The normalised data are
used to compute forest structural metrics and to estimate forest in-
ventory with accuracies comparable to ALS (Bohlin et al., 2012;
Caccamo et al., 2018; Hernández-Clemente et al., 2014; Nurminen
et al., 2013; White et al., 2016).

A variety of digital cameras mounted on different aerial platforms
are already routinely used for aspects of operational forest manage-
ment. The combinations of flight planning parameters such as camera
format (e.g. large-, medium- or small-format), sensor dimensions,
camera focal length, photo scale or ground sampling distance (GSD),
aircraft platform, flying height and image overlap provide forest man-
agers with increasing flexibility to optimise platform and sensor choices
in order to acquire fit-for-purpose imagery at an optimum cost per
hectare (Osborn et al., 2017). Studies comparing the performance of
ALS- and DAP-based point clouds, acquired with a variety of sensors
(mostly large- or rarely medium-format cameras), have shown pro-
mising results in a variety of forest environments – ranging from
complex forest ecosystems (Straub et al., 2013; White et al., 2015) to
managed, single-layered even-aged stands (Nurminen et al., 2013;
Vastaranta et al., 2013).

In a complex boreal forest environment (Ontario, Canada), Pitt et al.
(2014) reported that the performance of ALS was better than DAP in
estimating stand-level top height, basal rea, stand density and gross
merchantable volume by a maximum of 8.1 percentage point (pp). Si-
milarly, in a spruce dominated mixed-forest (south-eastern Norway),
Puliti et al. (2017) used structural and spectral variables as predictors
and modelled species-specific plot- and stand-level volume. They found
that ALS-based estimates were better than DAP-based estimates by less
than 1 pp. In a complex coastal ecosystem (Northern Vancouver Island,
Canada), White et al. (2015) reported that ALS outperformed the DAP-
based estimates of plot-level Lorey’s mean height, basal area and vo-
lume by less than 5 pp. Stepper et al. (2015), in a multi-aged and multi-
layered forest site (north-western Bavaria), used various combinations
of structural and spectral predictor variables derived from DAP to
model growing stock volume with two different statistical approaches
(linear regression and RandomForest). Consistent with previous studies,
Stepper et al. (2015) reported plot- and stand-level DAP-based RMSE%
values less than 36.02 and 15.73, respectively. Comparing plot-level
estimates of forest height, basal area, stocking and volume from ALS-
and DAP-based point cloud data in a conifer-dominated forest, Ullah
et al. (2017a, 2017b) and Kukkonen et al. (2017) found that ALS-based
estimates were better than those from DAP by less than 13 pp. Simi-
larly, in a conifer dominated primeval forest in south-eastern Poland,
plot-level volume estimates from ALS were better than DAP by only 2.3
pp (Hawryło et al., 2017). A detailed comparison of plot- and stand-
level height, basal area, stocking and volume estimated from ALS and
DAP point clouds for a young forest, a mature forest on poor sites and a
mature forest on good sites showed that DAP based estimated were
poorer than those from ALS by less than 9 pp and 5 pp at plot- and
stand-level, respectively (Gobakken et al., 2015). In managed stands of
pine and spruce, Bohlin et al. (2012) estimated stand-level tree height,
basal area and stem volume using point cloud data generated from DAP
acquired with three combinations of flying height and photo-overlap.
On average they achieved RMSE% of 8.6, 13.6 and 13.1 for tree height,
basal area and stem volume, respectively. They compared their results
with an ALS-based study conducted at the same site (Holmgren, 2004)
and found only small differences between ALS- and DAP-based

estimates (< 6 pp). In similar forest conditions, the plot-level difference
between ALS- and DAP-based mean and dominant height, basal area
and volume of growing stock was reported to be less than 9.6 pp
(Järnstedt et al., 2012). In a single-layered even-aged forest, plot-level
estimates of mean height and volume from ALS were reported to be
better than DAP-based estimates by a maximum of 7 pp (Nurminen
et al., 2013; Vastaranta et al., 2013). In a pine plantation (north-east
Tasmania, Australia), Caccamo et al. (2018) reported that plot- and
stand-level estimates of total recoverable volume from ALS and DAP
point cloud differed by a maximum of 5.5 pp and 1 pp at plot- and
stand-level, respectively.

Several studies, including those mentioned above, have compared
the performance of ALS and DAP-based point cloud data using a variety
of parametric (Næsset, 2007; Næsset et al., 2005; Woods et al., 2011)
and non-parametric (Hudak et al., 2008; Järnstedt et al., 2012;
Packalén and Maltamo, 2007) methods for modelling forest inventory
attributes. For details of statistical approaches typically employed in
forest inventory modelling, see for example Brosofske et al. (2014) and
White et al. (2017). There remain however significant gaps in our un-
derstanding of the robustness of photogrammetric solutions for dif-
ferent sensors and associated flight planning choices such as platform,
flying height, ground sampling distance (Hawryło et al., 2017). If DAP
methods can be shown to be robust across different sensor formats and
consequential flight planning design, then forest managers will be in a
position to design and deploy solutions on a case by case basis that suit
their operational needs. This includes, significantly, the capacity to
make decisions regarding camera format that will in turn provide
greater capacity to employ cameras that allow choice between multi-
rotor UAV, fixed-wing UAV, single engine light aircraft, or larger multi-
engine aircraft.

The objective of this research is to compare forest inventory attri-
butes derived from ALS, small-format non-metric photography and
medium-format metric photography. Basal area, top height, stocking
and total stem volume are modelled using point cloud data sourced
from each of these sensors and compared at both plot- and stand-level.

2. Material

2.1. Study area

The study area, located in north-east Tasmania, covers a region of
approximately 2800 ha and is within a Pinus radiata plantation estate
managed by Timberlands Pacific Pty Ltd (Fig. 1). Broadleaf trees (e.g.
Eucalyptus, Pomaderris and Acacia spp.) are sporadically distributed
throughout the plantation. The terrain is undulating, with an average
slope of 13.4° and elevations ranging from 134 m to 520 m above sea
level. The plantation is subdivided into management units called stands
(Fig. 1), each of which is subject to distinct silvicultural treatments.
Tree spacing at the time of establishment is 3 m × 3 m with a stocking
of ∼1100 stems per hectare (sph). Pruning is undertaken in selected
units. Initial thinning occurs between 12–16 years dependent upon
early age growth performance, leaving a residual stocking of ∼500 sph.
A second thinning occurs 4–6 years thereafter resulting in a final pre-
harvest stocking between 350 and 450 sph. For the purpose of assess-
ment and valuation, inventories are carried out at the three ages
through the rotation: Early Age Inventory (EAI) occurs at 10–12 years,
Mid Rotation Inventory (MRI) occurs at 20–22 years and Pre-Harvest
Inventory (PHI) occurs at 29–30 years. The stand metrics captured at
each inventory are used to seed growth models that in turn are used to
predict the stand metrics for each intervening year through to harvest.

2.2. Data

2.2.1. Field data
A total of 105 fixed-radius sample plots were selected based on a

systematic grid with a random origin and orientation at plot densities
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specified by Timberlands Pacific for field data collection. Plots were
established within stands at ages corresponding to that at which in-
ventories are typically deployed in the estate. The sampling intensities
for the stands varied by inventory age, being one plot per 4.9 ha for the
EAI stands, one plot per 2.0 ha for the MRI stands and one plot per
1.4 ha for the PHI stands. No attempt was made to sample across the
whole age domain of the study area since the primary purpose of the
study is sensor comparison rather than domain description. Field data
were collected in May 2015. Plot-centres were located in the field with
sub-meter accuracy using a differential global navigation satellite
system (GNSS). The radii of PHI, MRI and EAI plots were 12 m, 9 m and
8 m respectively, which accounted for the differences in mean stocking
among the three age classes. In each of the field plots, diameter at
breast height (DBH) greater than or equal to 8 cm of all live standing

Fig. 1. Location and map of the study area showing the spatial distribution of field plots within stand boundaries.

Table 1
Description of EAI, MRI and PHI plots. Value in percent is the proportion of
plots out of the total number of plots.

EAI MRI PHI

Age (years) 10–12 20–22 29–30
No. of plots 15 40 50
% of total no. of plots ∼14% ∼38% ∼48%
No. of stands (no. plots

within each stand)
6 (4,4,3,2,1,1) 8 (18,5,5,4,3,2,2,1) 3 (40,8,2)

Mean stand area in hectare
(range)

13.32
(3.15–32.42)

19.62
(0.59–48.21)

27.56
(3.60–67.27)

Plot radius (m) 8 9 12
Stocking (N) ∼1100 ∼500 ∼400

Fig. 2. Boxplots showing the distribution of basal area (G), top height (Htop), stocking (N) and total stem volume (V) in all three age classes.
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trees and height of at least 5 trees per plot – to capture height varia-
bility – were recorded. This field data was entered into PlotSafe (data
collection software) for use in Yield Table Generator software package
(YTGen, Silmetra, Tokoroa, New Zealand) to compute plot-level attri-
butes such as basal area (G), top height (Htop), stocking (N) and total
stem volume (V). Table 1 summarises description of the field plots in
each age class, followed by Fig. 2 illustrating the distribution of field
attributes (hereafter referred to as response variables) for all three age
classes. This population of plots therefore represents significant varia-
tions within the P. radiata plantation.

Thirty-six ground control points (GCPs) were established across the
study site. These were 0.25 × 0.25 m reflective targets, fixed to ground
pegs and geo-located using differential GNSS. The horizontal and ver-
tical accuracies of these GCPs were 2 cm and 5 cm, respectively. These
targets were used for geospatial control for both small- and medium-
format photography.

2.2.2. Remote sensing data
Airborne laser scanning. Small-footprint ALS data were acquired for the
study area on 12th April 2015. A fixed-wing aircraft was flown at an
average height of 1100 m above ground level. The ALS instrument on
board was an Optech Pegasus, which recorded 4 returns per pulse (1st,
2nd, 3rd and last). The pulse repetition frequency was 100 kHz,
resulting in an average point density and spacing of 1.94 points m−2

and 0.72 m, respectively. The vertical and horizontal accuracies
achieved (within 1 sigma) were 0.15 m and 0.55 m, respectively. ALS
data were vertically adjusted by the data provider using approximately
150 terrain points. These terrain points were collected, in an
approximate grid, at three well-distributed locations in open and
generally flat terrain. Terrain points used for vertical adjustment were
geo-located with real-time kinematic (RKT) GNSS. Finally, the ALS data
were classified into ground and non-ground points by the data provider
using a proprietary algorithm.

Digital aerial photography. Medium-format photography (MFP) was
captured, simultaneously with ALS data acquisition, with a PhaseOne
P65+ (60.5 megapixels) full-frame medium-format digital-back
camera. The focal length of the camera was 51 mm, resulting in a
mean GSD of 0.13 m. A total of 859 images were collected during 14
runs over the study area with a forward- and side-overlap of 80% and
30%, respectively.

Small-format photography (SFP) was captured using a Canon EOS
5D Mark II (21 megapixels) digital frame camera on board a fixed-wing
Cessna 206. The aircraft was flown at an average height of 600 m above
terrain on 6th February 2015. The focal length of the camera was
35 mm, resulting in a mean GSD of 0.11 m. A total of 1898 images were

collected during 24 runs over the study area with a forward- and side-
overlap of 75% and 60%, respectively. Technical specifications of the
remotely sensed data are summarised in Table 2.

3. Methods

3.1. SFP and MFP point cloud generation

Photogrammetric processing of SFP and MFP was undertaken using
Agisoft Photoscan Professional (v1.2.6, build 2834). From each of the
SFP and MFP, three point clouds were generated using different settings
available in the software package. Previous experiments with proces-
sing strategies that comprised different combinations of key point limit,
quality and depth filtering showed that the resulting point clouds did
not differ significantly (Iqbal et al., 2018). Point clouds generated using
the default settings (DEF) were used to estimate core inventory attri-
butes. Errors on GCPs, during initial alignment, were slightly smaller
than 0.07 m, 0.07 m and 0.05 m in E, N and Height, respectively.

3.2. Predictor variables for modelling

Plot-level raw point clouds were extracted from each of the ALS, SFP
and MFP using an external buffer of 5 m in addition to the actual plot
radii. ALS points classified as ground were used to normalise the ALS,
SFP and MFP datasets. Points with a normalised height below −0.5 m
and above 50 m were classified as noise points (n < 1%) and excluded
from further analysis. A suite of 32 canopy metrics (Table 3), the pre-
dictor variables, were calculated from each of the three point cloud
datasets using lascanopy (LAStools, 2015) applying a height threshold of
1.3 m. Plot-level canopy cover was computed at 50% (covTH50) and
75% (covTH75) of the mean top height in each age class, which was
measured in field. Mean top height in EAI, MRI and PHI age classes
were 20.79 m, 30.22 m and 32.31 m, respectively. Canopy cover
thresholds were separately calculated for each of the EAI, MRI and PHI
to account for height variation among the three age classes. For stand-
level forest attribute estimation, raster format metrics (Table 3) were
computed on a cell size of 17 m × 17 m from each of the three point
cloud datasets. Generally, the cell size of raster metrics is selected to
correspond as close as possible to the field plot size (Magnussen and
Boudewyn, 1998; Næsset, 2002). As the field plots in the study area
were of different sizes, the cell size for raster metrics was computed as
the mean of the field plot sizes. Areas that extended outside the area of
interest were excluded from the analysis.

3.3. Modelling and accuracy assessment

A non-parametric modelling approach viz. Random Forest (RF) was
applied to model the inventory attributes of interest. RF is an ensemble
tree classifier that can be employed as a regression model with nu-
merical response variables (Breiman, 2001). In RF modelling, a large
number of different regression trees are grown using a randomised
subset of training samples and predictor variables. The predicted value
from the final RF model is the mean vote of all decision trees grown.
Variables that reduce the mean squared error of a model are assigned a
relatively higher importance. Two important parameters that need to be
optimised in an RF regression are: i) the number of trees that are grown
(ntree) and ii) the number of predictor variables selected at each node
(mtry).

Variable selection is generally not required in non-parametric
modelling; however, we sought to build parsimonious and robust
models by reducing the number of predictor variables. To reduce them
we first flagged predictor variables with null variance or pairwise
correlation coefficient ≥ |0.8|. Second, we constructed all possible
multiple linear regression models for G, Htop, N and V and removed
predictor variables with variance inflation factors ≥ 5 (Imdadullah
et al., 2016; Zuur et al., 2010). Finally, we reconstructed all possible

Table 2
Technical specifications of remotely sensed data.

ALS MFP SFP

Sensor/Instrument Optech
Pegasus

PhaseOne P65+ Canon EOS 5D
Mark II

Acquisition date 12-APR-
2015

12-APR-2015 06-FEB-2015

Mean flying height (m) 1100 1100 600
Forward overlap (%) – 80 75
Side overlap (%) – 30 60
Pulse repetition frequency

(kHz)
100 – –

Mean point density (m−2)a 1.94 22.26 27.61
Mean GSD (m) 0.22b 0.13 0.11
Number of flight lines 14 14 24
Pixel size (μm) – 6.0 6.25
Sensor dimensions (mm) – 53.9 × 40.4 36 × 24
Focal length (mm) – 51 35

a Based on 105 plots; bfootprint diameter calculated from beam divergence
and mean flying height.
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multiple linear regression models using the remaining subset of pre-
dictor variables and used Akaike’s Information Criterion (AICc)
(Akaike, 1973; Sugiura, 1978) to identify the most parsimonious
models and hence the best subset of predictor variables for further use.

For accuracy assessment, absolute and relative root mean square
error (RMSE and RMSE%) and relative bias (bias%) (Eqs. 1 and 2) were
used to evaluate our models and enable comparison with other studies.
RF models were iteratively cross-validated over one hundred runs to
account for model estimation bias.
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where, n is the number of plots, yi and ŷi are the observed and predicted
(respectively) values of response variable for plot i, and ȳ is the mean of
the observed values.

For plot-level attribute estimation, at each run the plot data was
randomly split into training and validation subsets (70% and 30%, re-
spectively, of the overall plot data) using bootstrapping. The training
and the validation samples were selected so that the ratio of 70% and
30% was preserved in each of the EAI, MRI and PHI age class according
to their proportion in the overall plot data (Table 1). At each run a
model was developed with the training subset and applied to the vali-
dation subset to evaluate the model output by computing RMSE, RMSE
% and bias%. Means of the hundred RMSE% and bias% were calculated
to assess prediction accuracies and systematic error, respectively, of the
models at plot-level. Note that at each run the same training and vali-
dation samples were drawn from the ALS, SFP and MFP to build models,
in order to ensure that the prediction accuracies were comparable.

For stand-level attributes estimation, only stands with a minimum of
two plots were considered. Forest attributes were estimated for one
stand at a time. For each stand, models were developed using all plots
except those within the stand of interest (Bohlin et al., 2012). Similar to
our plot-level modelling, at each of the 100 runs a model was developed
with twelve stands and applied to the thirteenth stand. The developed
models were applied to the set of rasterised metrics to predict forest
attributes for each of the cells (17 m × 17 m) within the stand of in-
terest. For each stand, mean of the predicted cell values was computed
and compared with the mean value of field plots (ground truth) within
that stand. To account for edge artefacts, an internal buffer of 17 m (one
cell size; (White et al., 2017)) was applied before calculating stand-level
mean values. Out of 17 stands (Table 1), four were removed from stand-
level analysis: three stands had one plot each; the fourth stand had two

plots but both plots were dominated by Pomaderris spp. (95% and
100%, visually assessed in the field). The remaining stands (n = 13)
were considered for stand-level attribute estimation. All stands con-
sidered were bigger than 3.5 ha. Finally, stand-level accuracies were
compared to evaluate the performance of each dataset in the three age
classes.

At each of the plot- and stand-level, a total of 12 (calibrated) models
were developed using three point cloud datasets (ALS, SFP and MFP)
and four response variables (G, Htop, N and V). To reduce the im-
plementation efforts of the methodology described above, an in-house
workflow was developed in R software environment (RStudio Team,
2016) which provides the required packages (e.g. caret, randomForest).

4. Results

Plot-level ALS, SFP and MFP point clouds were extracted from the
whole point cloud datasets. As an example from this study, Fig. 3 il-
lustrates the density and penetrative ability of the three point cloud
datasets extracted for one sample plot. Fig. 3a and b show the raw and
normalised point clouds, respectively.

4.1. Predictor variables for modelling

The actual number of predictor variables (Table 3; n = 32) was
initially reduced to 9, 8 and 9 (ALS, SFP and MFP, respectively) using
VIF (Table 4).

The majority of these variables (Table 4) were associated with the
vertical distribution and the density of points. Compared with the ALS
predictors, the DAP predictors are mostly related to mid-to-upper ca-
nopy metrics, as expected, due to lesser penetration of the latter;
whereas, ALS predictors are mostly concentrated at lower heights.
Fig. 4 illustrates positions of the selected predictors in vertical bars.

The number of predictor variables was further reduced for each of
the response variables using AICc. The final sets of predictor variables
that were used to develop prediction models for each of the inventory
attributes are given in Table 5 in descending order of significance (left
to right).

4.2. Forest inventory attributes

Prediction accuracies of all models were evaluated using RMSE%
and bias% (Table 6), which are typically used in similar studies. For
each of the core inventory attributes in Table 6, the lowest RMSE%
among the three point cloud datasets is underlined. Overall, the three
datasets resulted in similar estimates for all four inventory attributes.
The maximum range of RMSE%, at plot-level, among ALS, SFP and MFP

Table 3
A suite of canopy metrics calculated from the three point cloud datasets.

Canopy metric Definition Canopy metric Definition

min Minimum height b10 % points between height cut-off and 10% of maximum height
max Maximum height b20 % points between height cut-off and 20% of maximum height
avg Average height b30 % points between height cut-off and 30% of maximum height
qava Average squared height b40 % points between height cut-off and 40% of maximum height
std Height standard deviation b50 % points between height cut-off and 50% of maximum height
ske Skewness b60 % points between height cut-off and 60% of maximum height
kur Kurtosis b70 % points between height cut-off and 70% of maximum height
p01 1st percentile height b80 % points between height cut-off and 80% of maximum height
p05 5th percentile height b90 % points between height cut-off and 90% of maximum height
p10 10th percentile height d00 Point density between height cut-off and 5 m
p25 25th percentile height d01 Point density between 5 m and 10 m
p50 50th percentile height d02 Point density between 10 m and 20 m
p75 75th percentile height d03 Point density between 20 m and 30 m
p90 90th percentile height d04 Point density between 30 m and 50 m
p95 95th percentile height covTH50 Canopy cover calculated at 50% of mean top height
p99 99th percentile height covTH75 Canopy cover calculated at 75% of mean top height

a Sum of the average of squared heights= x /n2 .
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is 2.46, 0.55, 6.62 and 2.53 for G, Htop, N and V, respectively. Likewise,
the maximum range of RMSE% – at stand-level – among ALS, SFP and
MFP is 0.99, 1.25, 3.93 and 2.02 for G, Htop, N and V, respectively. The
similar performance of ALS, SFP and MFP is also indicated by the dif-
ferences among their relative bias. The maximum range of bias%, at
plot-level, among ALS-, SFP- and MFP-based estimates is less than 1 pp,
except for N (2%). Likewise, the maximum range of bias% – at stand-
level – among ALS-, SFP- and MFP-based estimates is 2.88, 1.38, 4.6
and 3.14 for G, Htop, N and V.

At plot-level, ALS data achieved slightly higher accuracies for all
inventory attributes. The maximum difference among RMSE% values of
ALS, SFP and MFP was less than 3 pp, except for N which was 6.62 pp.
Among inventory attributes, Htop was modelled with the highest accu-
racy, followed by G and V. Accuracy was the lowest for N. All inventory
attributes were overestimated, with the highest overestimation shown
in N, except for SFP- and MFP-based Htop, which was slightly under-
estimated. Comparing SFP and MFP, differences between RMSE% va-
lues of the inventory attributes were less than 1 pp, except for N which
was 3.5 pp. MFP achieved higher accuracies than SFP for all attributes
(except for V). However, compared with SFP, the magnitude of over-
and under-estimation was slightly higher for MFP, except for G, where
bias% was slightly higher for SFP (by 0.48 pp). Overall, differences
between the RMSE% and bias% for SFP and MFP were small.

At stand-level, all three datasets achieved similar accuracies. The

maximum differences between RMSE% of the three datasets were 0.99,
1.25, 3.93 and 2.02 for G, Htop, N and V, respectively (Table 6). Fol-
lowing a similar trend as the plot-level analysis, stand-level Htop was
modelled with the highest accuracy, followed by G and V, and N with
the lowest accuracy. However, contrary to our results at plot-level,
there was no discernible trend as to which of the three point cloud
datasets had the best performance at stand-level. For example, ALS data
achieved higher accuracy than SFP and MFP in estimating Htop and V;
whereas, MFP resulted in higher accuracy in the case of G and N. All
inventory attributes were overestimated at stand-level. The magnitude
of overestimation was the lowest for Htop, followed by G, V and N.
Compared with SFP and MFP, ALS-based estimates showed a lower bias
% for all inventory attributes except for N, which was lower than SFP
but higher than MFP. For all inventory attributes, the differences among
bias% of the three datasets were always smaller than 3.15 pp, except for
N which was 4.6 pp. Comparing SFP and MFP, differences between
RMSE% values of the inventory attributes were less than 2 pp, except
for N which was 3.93 pp. Similar to plot-level, MFP achieved higher
accuracies than SFP for all attributes (except for V). However, com-
pared with SFP, MFP resulted in a higher bias% for all inventory at-
tributes, except for N, which was 4.6 pp lower than SFP.

Fig. 5 illustrates the plot- and stand-level RMSE% and bias% given
in Table 6. It can be observed that the RMSE% of the corresponding
attributes estimated from ALS, SFP and MFP follow a similar trend.

Stand-level accuracies of G and V were significantly higher than
those at plot-level. The accuracies of Htop and N, however, were similar
at plot- and stand-level. Stand-level accuracies are generally expected to
be significantly higher than those at plot-level because the calculations
are averaged over a larger area (i.e. stand-level). Compared with plot-
level, stand-level estimates resulted in a higher bias% for all the in-
ventory attributes. Our analysis of the age classes identified EAI as a
source of error, contributing to the unexpectedly lower accuracies at

Fig. 3. An example of point clouds in one field plot is shown. The plot is circular with a radius of 12 m; the age class is pre-harvest; the top height is 34.6 m. The point
clouds have been oriented to show the effect of slope before and after normalisation. The ALS, SFP and MFP point clouds are shown in red, blue and green,
respectively. Raw and normalised point clouds are shown in (a) and (b), respectively. The righmost panels show an overlay of the three point clouds. (For inter-
pretation of the references to colour in this figure legend, the reader is referred to the web version of this article).

Table 4
Predictor variables selected after analysing the Variance Inflation Factor.

Data type Selected predictor variables

ALS min, kur, p01, b90, d00, d01, d02, d04, covTH50
SFP ske, kur, b10, b70, b90, d01, d02, d04
MFP min, kur, b10, b60, b90, d01, d02, d04, covTH75
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stand-level in all the three datasets. Table 7 presents the accuracies for
each age class, showing that these accuracies were influenced by the
EAI age class.

For EAI stands, in all the three datasets the RMSE% values were
higher than or equal to 23.90, 12.06, 68.93 and 31.93 for G, Htop, N and
V, respectively (Table 7). However, RMSE% values in the MRI and PHI
stands were similar, and always less than or equal to 14.44, 6.77, 55.98
and 13.00 for G, Htop, N and V, respectively. Also, compared with MRI
and PHI stands, the EAI stand-level estimates were highly over-
estimated for all the inventory attributes and across the three datasets,
with N as an exception, for which the highest bias was observed in the
PHI stands.

Fig. 6 compares accuracies of the inventory attributes in each of the
EAI, MRI and PHI age class. This shows that ALS, SFP and MFP have a
relatively better performance in the MRI and PHI age classes.

4.3. Comparison with other studies

Table 8 presents a comparison of this study with other similar stu-
dies based on the RMSE% reported. Plot- and stand-level results are
compared. Most of the studies are focussed on plot-level attributes,
whereas stand-level forest attribute modelling is more rarely reported.

At both plot- and stand-level, our results are encouraging, showing a
strong agreement with other studies in modelling G, Htop and V; how-
ever, in the case of N, our results show a substantially lower accuracy
than that reported in Pitt et al. (2014); Gobakken et al. (2015) and
Kukkonen et al. (2017).

Comparing the two DAP datasets used in this study (i.e. SFP and
MFP) at plot-level, MFP was consistently in strong agreement with the
ALS dataset, except for V which showed higher precision when

modelled using SFP. At stand-level, SFP was generally in strong
agreement with the ALS datasets. Differences in the precisions of SFP
and MFP, however, were small.

5. Discussion

In this study, we evaluated the robustness of SFP- and MFP-based
point clouds in comparison with ALS data. Our results showed that
dense point clouds derived from medium-format metric photography
and small-format non-metric photography were both suitable for esti-
mating basal area, top height, stocking and total stem volume at both
the plot- and stand-level in a Pinus radiata plantation.

Fig. 4. Bar chart showing the percentage of
ALS, SFP and MFP points (EAI, MRI and PHI
combined) in 2.5 m height bins. Juxtaposed are
vertical bars representing the selected pre-
dictor variables (Table 4). For a given predictor
variable, the height of each vertical bar corre-
sponds with the range (portion) of canopy
mapped by that variable. For each variable,
height ranges were calculated considering
height variations in the EAI, MRI and PHI age
classes. Descriptive variable (ske and kur) are
not shown. A common legend applies to the
whole figure: ALS, orange; SFP, blue; MFP,
green. (For interpretation of the references to
colour in this figure legend, the reader is re-
ferred to the web version of this article).

Table 5
The final set of predictor variables used to model field-measured G, Htop, N and V.

Inventory metric ALS SFP MFP

Basal Area (G) covTH50, d01, d02, kur, p01 b70, d01, d02 b60, b90, d02, min
Top Height (Htop) covTH50, d00, d01, d02, d04, kur, p01 b70, b90, d01, d02, d04 b60, covTH75, d01, d02, d04, min
Stocking (N) covTH50, d00, d01, d02, d04, kur, p01 b70, d02, d04, kur, ske b60, b90, covTH75, min
Total Stem Volume (V) covTH50, d01, d02, kur, p01 b70, d01, d02, d04 b90, covTH75, d02

Table 6
Plot- and stand-level RMSE% of G, Htop, N and V for ALS, SFP and MFP cal-
culated using RandonForest. Bias% is given in parenthesis. At both plot- and
stand-level, the lowest RMSE% values among the three datasets are underlined.

Inventory metric Plot-level Stand-level

ALS SFP MFP ALS SFP MFP

Basal area (G) 25.70
(0.77)

28.16
(1.58)

27.58
(1.10)

15.26
(5.70)

14.37
(6.33)

14.27
(8.58)

Top height (Htop) 8.39
(0.21)

8.94
(-0.02)

8.56
(-0.08)

7.49
(3.06)

8.74
(4.06)

8.08
(4.44)

Stocking (N) 63.50
(3.43)

70.12
(3.31)

66.62
(5.31)

66.41
(17.26)

68.90
(18.64)

64.97
(14.04)

Total Stem Volume (V) 26.87
(0.99)

28.75
(1.21)

29.40
(1.50)

15.26
(11.29)

15.28
(11.88)

17.28
(14.43)
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5.1. Predictor variables for modelling

Selecting the most important variables is a critical step in predictive
modelling because it reduces model complexity. In non-parametric
modelling, variable selection is often not undertaken, in the belief that
models have the ability to handle dimensionality and multicollinearity
among predictor variables. This might be true; however the resulting
models will not be parsimonious, which is usually the aim of model
development. In this study we followed a parsimonious approach

(McRoberts et al., 2016), selecting the most important set of predictor
variables, considering – in part – the relatively small number of ob-
servations/field plots (n = 105). We note that the accuracy of our
models improved when selected predictor variables were used.

Due to the nature of the ALS and DAP datasets and their acquisition
specifications (Table 2), it is not expected that the selected sets of pre-
dictor variables will be the same. As noted in Vastaranta et al. (2013), an
important distinction between ALS and DAP is their relative ability to
penetrate the canopy, which may result in differences between the

Fig. 5. A graphical representation of Table 6. At both plot- and stand-level, similarities among the RMSE% of forest attributes estimated from ALS, SFP and MFP can
be observed. At plot-level, ralative bias for ALS, SFP and MFP is comparable. At stand-level, ALS resulted in the lowest bias% for all attributes, except for N.

Table 7
In each of the EAI, MRI and PHI age class, stand-level RMSE% of forest attributes are shown (bias% is given in parentheses). The highest RMSE% values are
underlined, showing that in the EAI stands, attributes were modelled with the lowest accuracy and the highest bias (except N).

Inventory metric Age class Stand-level RMSE% (bias%)

ALS SFP MFP

Basal area (G) EAI 23.90 (16.33) 24.16 (16.95) 24.37 (22.93)
MRI 12.56 (0.45) 10.61 (0.08) 9.42 (2.41)
PHI 10.73 (2.14) 11.63 (4.70) 14.44 (1.78)

Top height (Htop) EAI 12.06 (7.32) 15.90 (11.74) 13.96 (11.32)
MRI 6.77 (2.12) 6.54 (1.81) 6.27 (2.96)
PHI 3.99 (-0.75) 4.89 (-1.67) 5.35 (-1.72)

Stocking (N) EAI 74.07 (22.92) 75.30 (16.56) 68.93 (-8.09)
MRI 47.06 (3.24) 51.04 (2.72) 51.46 (12.16)
PHI 47.93 (37.74) 55.98 (53.23) 51.56 (47.30)

Total Stem Volume (V) EAI 31.93 (32.22) 33.40 (34.79) 41.38 (44.20)
MRI 11.67 (2.80) 10.25 (0.52) 11.33 (2.53)
PHI 9.92 (0.37) 13.00 (4.05) 9.87 (-1.46)
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variety of metrics generated from ALS and DAP-based point clouds. ALS
can be expected to respond more than DAP to the internal structure of
the forest canopy and to penetrate more deeply into the canopy or
through to the ground. DAP can be expected to respond proportionally
more to the higher components of the forest canopy, less to the internal
structure of the canopy, and with reduced penetration to the ground
(Vastaranta et al., 2013). Therefore, it is to be expected that lower ca-
nopy metrics are more likely to emerge as predictors when ALS data
rather than DAP data is used. Despite its limited penetrative ability, we
note that predictor variables selected from the DAP-based point clouds
correspond with forest structure at a range of canopy heights (Fig. 4),
indicating sufficient vertical distribution of the DAP points. As SFP and
MFP are inherently the same measurement methods, similar sets of se-
lected predictor variables may be expected; however, the selected pre-
dictor variables were different. Statistical and graphical analysis of the
SFP and MFP predictors could not provide a strong logical explanation of
these differences. A possible explanation could be that DAP was acquired
with different specifications (Table 2), which might have influenced the
vertical and horizontal distribution of point clouds generated from the
two DAP types (Iqbal et al., 2018). Therefore, it is possible that seemingly
different predictors were actually mapping a similar portion of the ca-
nopy (e.g. SFP-b70 and MFP-b60 in Fig. 4).

An encouraging outcome of the variable selection process was that
all the typically selected predictor variables were represented in our
final set of predictor variables. We note that 80th to 99th height per-
centiles, usually considered as useful predictor variables (White et al.,
2017), did not appear in our final set of predictor variables. These
metrics, however, were strongly correlated with other canopy metrics
(such as d02 and d04) that were selected.

5.2. Forest inventory attributes

This study successfully modelled core forest inventory attributes (G,
Htop, N and V) from ALS, SFP and MFP at plot- and stand-level. Our
results are encouraging, supporting a conclusion that SFP and MFP can
be used in operational forest inventory.

5.2.1. Comparing ALS, SFP and MFP
RMSE% values of ALS, SFP and MFP were largely similar, suggesting

that SFP and MFP are suitable for forest inventory estimation (Tables 6
and 7). Although the tendency to over- or under-estimate inventory
attributes varied among the three datasets at both plot- and stand-level,
differences among the bias% values of ALS-, SFP- and MFP-based esti-
mates were comparable. Comparing the three datasets, ALS had an

Fig. 6. Graphical representation of Table 7. RMSE% for the EAI age class are consistently higher than those of the MRI and PHI age classes.

Table 8
Plot- and stand-level results (RMSE%) from this study compared with similar studies. Stand-level results for each of EAI, MRI and PHI age class are presented here.

Plot-level Study Forest type ALS DAP

G Htop N V G Htop N V

White et al. (2015) Complex coastal ecosystem 35.38 8.96 – 33.24 37.68 14.00 – 36.87
Straub et al. (2013) Mixed forest Germany 30.21 – – 31.92 35.29 – – 37.89
Järnstedt et al. (2012) Managed spruce and pine 27.90 18.61 – 31.26 36.20 28.23 – 40.39
Vastaranta et al. (2013) Single layered, even-aged, conifer dominated 17.76 7.75 – 17.92 23.62 11.81 – 24.50
Nurminen et al. (2013) Single layered, even-aged, conifer dominated – 6.60 – 20.70 – 6.80 – 22.60
Gobakken et al. (2015) mature forests on good sites 15.40 7.50 35.10 18.00 18.30 10.20 43.7 21.70
Kukkonen et al. (2017) Pine dominated managed boreal forests. 13.59 5.73 31.44 20.50 26.64 8.58 42.63 27.88
This study (SFP) Pine plantation 25.70 8.39 63.50 26.87 28.16 8.94 70.12 28.75
This study (MFP) Pine plantation 25.70 8.39 63.50 26.87 27.58 8.56 66.62 29.40

Stand-level Study Forest type ALS DAP

G Htop N V G Htop N V

Pitt et al. (2014) Complex stands 25.40 7.30 38.40 26.20 28.10 10.8 46.50 26.8
Bohlin et al. (2012) Managed spruce and pine dominated stands 10.00a 3.00a – 11.00a 13.60 8.6 – 13.10
Gobakken et al. (2015) Mature forests on good sites 10.80 7.20 26.80 11.60 12.40 7.7 31.30 13.20
This study (SFP, RF) EAI stands 23.90 12.06 74.07 31.93 24.16 15.90 75.30 33.40

MRI stands 12.56 6.77 47.06 11.67 10.61 6.54 51.04 10.25
PHI stands 10.73 3.99 47.93 9.92 11.63 4.89 55.98 13.00

This study (MFP, RF) EAI stands 23.90 12.06 74.07 31.93 24.37 13.96 68.93 41.38
MRI stands 12.56 6.77 47.06 11.67 9.42 6.27 51.46 11.33
PHI stands 10.73 3.99 47.93 9.92 14.44 5.35 51.56 9.87

a Results from Holmgren (2004) conducted at the same site.
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overall better performance than the SFP and MFP in estimating G, Htop,
N and V at plot-level.

Higher accuracies of the ALS data can be attributed to its ability to
characterise the vertical structure of the canopy. Although the DAP-
based point clouds have a higher density than the ALS, they are largely
confined to the mid-to-upper canopy with lesser penetration through
the canopy to the ground. This limits the ability of DAP-based point
clouds to characterise the vertical extent of the canopy (Vastaranta
et al., 2013). Although SFP resulted in slightly higher RMSE% values
and lower bias% values than the MFP (Table 6), there was no strong
trend suggesting the preference of one dataset over the other. The
greatest differences between RMSE% values of SFP and MFP were 3.50
pp and 3.93 pp (for N) at plot- and stand-level, respectively. This is an
encouraging finding of this study, suggesting that SFP and MFP are
equally suited to inventory estimation. The user may adopt, for ex-
ample, whichever approach has the lower operational cost.

5.2.2. Comparing inventory attributes
Comparing the four forest inventory attributes, a consistent trend

was observed across the three datasets. At plot-level, Htop had the
lowest RMSE%, followed G, V and N (Table 6). Among ALS, SFP and
MFP, differences between plot-level RMSE% of G, Htop and V were less
than 3 pp. A similar trend was also observed at stand-level: differences
of RMSE% of G, Htop and V were less than about 2 pp. Moreover, the
corresponding bias% values for ALS-, SFP- and MFP-based estimates
were comparable across all the inventory attributes. Overall, at both
plot- and stand-level – for all the three datasets – Htop had the lowest
bias%, followed by G, V and N. For all inventory attributes, except for
N, the maximum difference between bias% was always less than 0.81
pp and 3.14 pp, at plot- and stand-level respectively. These high levels
of similarities among the three datasets indicate that SFP and MFP can
be used to model G, Htop and V at both plot- and stand-level. Our results
also suggest that a similar level of accuracy can be achieved with SFP
and MFP. Other factors such as operational cost and logistics might
influence the final choice between SFP and MFP (Osborn et al., 2017).

Among the four inventory attributes, RMSE% and bias% values of N
were the highest, at both plot- and stand-level, for ALS, SFP and MFP.
This, on the one hand, indicates similar performance of the three da-
tasets. On the other hand, however, this suggests that none of the ALS,
SFP and MFP are well-suited for modelling N (White et al., 2017). The
application of an Individual Tree Detection algorithm to these datasets
is recommended for an improved estimate of N.

5.3. Comparison with other studies

Considering the observed variability in the plots of P. radiata, the site
conditions and data sources, our findings are in good agreement, at both
plot- and stand-level, with those reported in other studies (Table 8).

Comparing our plot-level inventory attributes with other studies, we
achieved higher accuracies than those reported in Straub et al. (2013) and
White et al. (2015) (Table 8). These studies were conducted in complex
forest conditions, whereas our study area was a P. radiata plantation oper-
ationally managed for timber production. Single-layered, even-aged and
pure stands tend to favour higher accuracies. This is further supported by
Vastaranta et al. (2013); Nurminen et al. (2013); Gobakken et al. (2015) and
Kukkonen et al. (2017) (Table 8) who reported higher accuracies, compared
with our findings, in conifer-dominated, single-layered or managed forest
environment. Our study was based on field plots distributed across three age
classes viz. EAI, MRI and PHI, which might have resulted in the relatively
lower accuracies. Our study area was structurally intermediate between a
complex and a single-layered even-aged stand, which supports our higher
and lower accuracies compared with those reported in the studies men-
tioned above. Ideally, a plot-level age class-based analysis of inventory at-
tributes could have improved our results. This study, however, did not take
plot-level age class-based analysis into account due to the smaller number of
observations/field plots in each age class. The number of field plots in EAI,

MRI and PHI stands were 15, 40 and 50, respectively. Non-parametric
models generally benefit from larger number of observations/samples
(Fassnacht et al., 2014; Noi and Kappas, 2017). In addition, our study uti-
lised differing numbers of plots taken from stands at three distinct, non-
contiguous age classes so the models cannot be reliably applied to the
broader age domain of the estate. We do note that our SFP- and MFP-based
estimates of G, Htop and V were generally close those reported in similar
studies (Table 8). This indicates that, although slightly lower, accuracies
similar to those reported in previous studies can be achieved with SFP and
MFP.

To our knowledge there are not many studies that report stand-level
attributes (Table 8). At stand-level, our inventory estimates were gen-
erally better than those reported in a study conducted in complex stand
(Pitt et al., 2014). This can be anticipated, considering the uniform
canopy structure in our study area. We report slightly lower accuracies
(Table 6) compared with Bohlin et al. (2012) and Gobakken et al.
(2015) who conducted their study in managed pine dominated stands
and mature forests on good sites (Table 8). However, we note that the EAI
age class has the largest contribution towards the higher RMSE% values
(Table 7). Our results, consistent with the findings of Gobakken et al.
(2015), indicate that neither of the three datasets is suitable for in-
ventory estimation in the EAI age class. In our study area, EAI stands
did not receive any thinning or pruning, leading to the presence of non-
pine trees and a relatively compact outer canopy surface causing signal
attenuation. This appears to have resulted in the lower accuracy in the
EAI age class. Inclusion of non-point-cloud metrics, such as age and
thinning status, as predictor variables could have improved our results.
However, the focus of this study was to evaluate and compare different
point clouds due to which metrics computed only from point clouds
were used as predictor variables. Notwithstanding the small sample size
at the stand-level used in this study, our estimates of forest attributes in
the MRI and PHI stands (Table 8) are in good agreement with those
reported in Bohlin et al. (2012) and Gobakken et al. (2015).

6. Conclusion

In this study, we have compared area-based forest attributes derived
from ALS, SFP and MFP point cloud data. Forest attributes viz. basal
area (G), top height (Htop), stocking (N) and total stem volume (V) were
estimated at both plot- and stand-level using a non-parametric
(RandomForest) modelling approach.

This study demonstrates that both small-format non-metric photo-
graphy (SFP) and medium-format metric photography (MFP) have the
ability to deliver accuracy levels similar to ALS. Overall, ALS had a
higher agreement, particularly at plot-level, with forest attributes de-
rived from field data. Although acquisition specifications for the SFP
and MFP were different (sensors format, photo-overlap, sun angle and
light conditions (Table 2)), the two DAP datasets performed similarly,
demonstrating the robustness of DAP-based point clouds in estimating
forest attributes under a variety of different operational photo acqui-
sition conditions. Comparing our SFP and MFP based results with other
studies further supports a conclusion that, although the technical spe-
cifications of DAP may differ, forest attributes can be estimated with
similar levels of accuracy.

This study of small- and medium-format DAP adds to a body of
evidence that forest managers may choose from a variety of sensors/
camera formats (large-, medium- or small-format) to acquire point
cloud data and that the point cloud data may be modelled using stan-
dard inventory methods regardless of its source to produce reliable
inventory estimates. For the normalisation process, however, DAP-
based point clouds are highly dependent on a high resolution DTM,
which is typically acquired using ALS.
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