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Abstract

In order to sustainably manage forest resources, a contemporary, dynamic, and consistent
description of their state and extent must exist. As well, there is a need for reliable information
on the change to the forested land base to support future policy development and to act
informatively on new and emerging issues. Experimentation and technological innovation have
spurred remote sensing research to better characterize and inventory forests globally. This
dissertation examines how, and to what extent, digital aerial photogrammetry (DAP) and
associated spatial products are capable of informing forest planning and management. Alongside
innovation in DAP, unmanned aerial systems (UAS) are becoming viable management tools for
acquiring stereo-imagery. Fast operationalization, cost-effectiveness, and their ability to acquire
high spatial and temporal resolution data sets makes UAS a niche operational inventory tool. To
assess the capacity of these technologies, forests of differing stages of structural development,
including post-harvest regeneration, and mature managed forest landscapes, were examined.
DAP data from these sites were analyzed to determine how, and to what extent, standard and
novel inventory attributes can be accurately derived under specific image capture and data model
circumstances. I advocate and provide evidence throughout this dissertation that DAP is a
technology with ample potential for integration into enhanced forest inventory (EFI)
frameworks. This work elaborates on where, and under what conditions, DAP data is successful
and limited in characterizing forests with the ultimate goal of improving information for
operational, tactical, and strategic decision-making.
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Lay Summary

Forest inventories are expensive, time consuming, and complex. Forest managers require
datasets that will improve efficiency and cost-effectiveness of developing and updating forest
inventories, while providing data that inform management decision making. The acquisition of
aerial imagery and use of photogrammetry over forested landscapes has been commonplace in
conventional forest inventory frameworks for decades. Emergent technologies such as digital
aerial photogrammetry (DAP), where digital imagery are processed using computer algorithms to
provide three-dimensional characterizations of forest structure, have shown promise for
enhancing forest inventory data. In this dissertation, DAP data characterizing varying forest
structures were analyzed to assess the potential of DAP to provide data products and analytical
methods that can improve forest inventories. The role of DAP, with reference to its areas of
success, limitation, and future directions, is discussed to provide insight into its potential use in
enhancing forest inventories and improving forest resources management.
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Chapter 1:

Rationale and foundation for research

This chapter establishes the context for the greater body of work within this
dissertation and outlines overall objectives and research questions. The contemporary needs
of forest inventories are discussed, as well as opportunities and rationale for their continued
modernization.
Rationale
1.1

Forest inventory needs
It is well known that forests are highly dynamic ecosystems undergoing perpetual

successional changes through growth and natural disturbance (Forest et al., 1990; Oliver
and Larson, 1996). Forest management information needs are increasingly complex and
wide ranging including biodiversity, habitat, timber and non-timber values, riparian
management, evolving forest practices legislation, and climate change amongst others
(Corona, 2016). These needs place pressure on forest inventories to supply data that is
timely, spatially detailed, accurate, and able to characterize forest composition, structure,
and condition (Holopainen et al., 2014). The inherent complexity of forest ecosystems
incentivizes the argument that routine data acquisitions to generate and update inventories
are needed to capture and integrate knowledge of forest dynamics, improve forest
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stewardship, and ultimately provide data driven justifications for forest and environmental
policy (Franklin, 2001; Fridman et al., 2014; Gillis and Leckie, 1996)
As with other resource management fields, the demand for, and expectations of,
inventory quality and content have compounded. Challenges like high up-front costs,
complexity in data acquisition, and ongoing uncertainty surrounding the future state and
condition of forests due to climate change are principle motivators for improving forest
inventory frameworks (Barrett et al., 2016; Kangas et al., 2018; MacDicken, 2015).
Globally, forest inventories at various spatial scales are continuing to shift toward multiattribute, spatially-explicit polygon data derived from photo-interpretation and field
measurement campaigns (Tomppo et al., 2010). Conventional methods involving
combinations of aerial photography and reconnaissance sketch mapping missions, satellite
imagery, and field surveys are common (Gillis and Leckie, 1996). Acquired inventory data,
geographic information systems analysis, and statistical modelling outcomes focus on the
provision of information on the current status, and projected condition of timber and nontimber resources.
1.2

Inventory update
While traditional methods have been effective, opportunities exist to modernize

forest inventory frameworks (Holopainen et al., 2014). Ensuring completeness and
currency, as well as designing adaptable frameworks that facilitate the routine updating of
previously acquired data, is essential to enhancing inventory systems. Informed
management decisions require data to be as current as possible (Tompalski et al., 2018).
2

The periodic updating of inventories for the purposes of improving projections is critical to
understanding stand growth and development patterns, formulating viable economic
projections, comprehending current and future socio-economic reliance on forest
ecosystems, and framing forest policy initiatives. Organized monitoring and scheduled
inventory updating is inherent to the effective stewardship of timber and non-timber forest
values (Bolton et al., 2018; Gillis and Leckie, 1996; Hilker et al., 2008).
Inventory update is the process of detecting, collecting, and adding changes to an
inventory resulting from disturbances causing depletions (harvesting, fire, insect defoliation
etc.), as well as changes to the forest causing accretions (Gillis and Leckie, 1996). Bonnor
and Magnussen (1987) add that depletions and accretions from land-use change need also
be integrated. The two main data sources that facilitate updates are information that can be
observed and mapped, such as harvesting boundaries and fire damage, and information that
must be sampled and/or modelled such as permanent sample plots detailing growth, health,
and compositional change (Bonnor and Magnussen, 1987). In order to perform updates,
mapping products and detection of minimum levels of disturbance and growth must have
acceptable levels of accuracy, and the frequency and timing of data acquisitions must be
established. Decisions to update are primarily driven by a need for current information to
support management planning and decision making, as well as regulatory requirements
and/or reporting obligations (Gillis and Leckie, 1996).

3

1.3

Airborne laser scanning and enhanced forest inventories
While the currency and spatial completeness of inventories is critical for

establishing inventory reliability, the data content of these inventories is also fundamental.
Photo-interpretation and field measure campaigns are indelible parts of forest inventory
frameworks; however, opportunity and substantial scientific justification exists for their
continued technological modernization (Holopainen et al., 2015; McRoberts and Tomppo,
2007).
Structural forest characterizations using technologies such as airborne laser
scanning (ALS) have been conducted to establish statistical relationships between forest
structure and standard forest inventory attributes (Næsset, 2014; Tompalski et al., 2016).
ALS systems, which have traditionally been attached to manned aircraft, are comprised of a
global navigation satellite system, an inertial measuring unit, and a laser sensor (Wehr and
Lohr, 1999). The satellite system provides accurate geo-spatial tracking of the sensor, while
the inertial measuring unit records physical movements to make pitch, roll, and yaw
corrections. A single pulse from an ALS system can be reflected from a number of different
objects, resulting in several recorded points, often referred to as first, intermediate and last
returns. This combination of points, commonly referred to as a point cloud, forms a highly
accurate three-dimensional (3D) representation of objects on the ground, including the
forest canopy, and provides information on individual tree heights, structural complexity,
and terrain elevation (Wulder et al., 2008).

4

Linking spatial and structural information from ALS with traditional forest
inventory plot data has brought about a paradigm shift in the conceptualization and
implementation of forest inventories (Næsset, 2014, 2002a). Advances in ALS technology,
driven largely by developments in sensor specifications, quality of data sets, and innovative
forest management research, have been used to enhance forest inventory value through
realizing measurement and estimation efficiencies (White et al., 2013a), cost-effectiveness
(McRoberts et al., 2018), provision of a diverse and ever-increasing compilation of
inventory data (Wulder et al., 2012), modelling estimates (White et al., 2017), and finalized
mapping products (McRoberts and Tomppo, 2007). Herein, I refer to these inventory
systems as enhanced forest inventories (EFI) (Bechtold and Patterson, 2005; Goodbody et
al., 2017b; Tompalski et al., 2014; White et al., 2016).
A common justification for landscape-level ALS acquisitions is realizing
operational cost savings. Apart from providing information related to above-ground
vegetation structure, ALS data also provide terrain information in the form of a digital
terrain model (DTM). Terrain is assumed to change very slowly, increasing DTM shelf-life
within inventories and the long-term value of ALS data. ALS derived DTMs can provide
highly accurate topographic data at unprecedented spatial resolutions (Furze et al., 2017).
These DTMs, often considered best available terrain products, are invaluable as they offer
detailed sub-metre accuracy information that can improve planning and management
activities, including designing optimal road and skid trail networks, locating and
delineating riparian ecosystems (Tompalski et al., 2017), and guiding programs related to
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archaeological overview assessments (Wulder et al., 2008). DTMs also allow ALS point
clouds to be analyzed relative to ground height, facilitating landscape level inventory
attribute estimation using the area-based approach (ABA) (Næsset, 2002a; White et al.,
2017). Fekety et al. (2015) demonstrated the temporal transferability of the ABA, and how
pooling data across time increases their availability for improving inventory predictions.
For the purposes of this dissertation we use the terms prediction and estimation
interchangeably. Chapters 2, 6, and 7 elaborate further on the ABA to attribute estimation.
EFIs, as described above, involve combining traditional inventory data with ALS
technology. The increasingly high spatial and temporal accuracy of EFI data products, and
3D representation of forests from tree top through to ground level, provides managers with
informative, accurate, and highly customizable representations of operating areas (Bechtold
and Patterson, 2005). When contrasted with traditional inventories, EFIs provide an
abundance of advantageous, non-traditional, structural forest characterizations that can be
utilized to better inform forest management practices. Novel examples of these products
and their methodologies are presented in Chapters 4-8. Likewise, these data sets can be
joined with existing conventional inventory frameworks to establish EFI baselines, which
describe the initial state of the forest for use as inputs for future predictions, as well as a
reference to evaluate management prescriptions (Gillis and Leckie, 1996).
EFI data products are commonly produced at a standard grid-cell size, providing
spatially and temporally explicit attribute predictions. These cell-level predictions have the
potential to be summarised to stand-level information typically used in forest inventories,
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while maintaining within-stand variability often unavailable through other means (White et
al., 2017; White et al., 2013a; Wulder et al., 2012). The inclusion of forest structural data
such as height percentiles and crown cover within inventories also provides a means to
characterize and segment forested landscapes objectively and derive high resolution
estimates of forest attributes. Wall-to-wall (over the entire area of interest) coverage of
forest parameter estimates, such as tree height, volume, basal area, growth and yield
projections, and photo-interpreted imagery polygons, are becoming increasingly common
(Mulverhill et al., 2018; Næsset, 2007; Økseter et al., 2015; Tompalski et al., 2015; White
et al., 2017). These products can be used to guide forest planning and management
decisions, impacting socio-economic and environmental outcomes.
Remote sensing and forest management research using ALS data has shown that
structural characterization of forests serves to improve inventory accuracy, precision, and
spatial objectivity (Magnussen et al., 2012; McRoberts et al., 2018; van Leeuwen and
Nieuwenhuis, 2010; Vastaranta et al., 2013b; White et al., 2016; Wulder et al., 2008).
Integrating ALS into inventories has been demonstrated to provide multi-scale information
to improve knowledge on landscape ecology and guide forest planning and management
activities (Guo et al., 2017; Mulverhill et al., 2018; Næsset, 2007; White et al., 2013a);
however, these data should not be viewed as a panacea. Field measurements and validation
of remote sensing products is essential for ensuring reliability and improving future
products (Frazer et al., 2011; Strunk et al., 2012). As a result, these data and associated
products are increasingly becoming adopted and utilized in industrial forest management as
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a means of enhancing inventory content, as well as bridging gaps between strategic,
tactical, and operational inventories (White et al., 2016; Woods et al., 2011; Wulder et al.,
2008). ALS data and its benefits within forest inventories are further elaborated upon in
Chapters 7 and 8.
1.4

Enhanced forest inventories: Challenges and opportunities
One challenge related to the use of ALS within an EFI framework is how these data

maintain their utility as they age. McRoberts et al. (2018) found that the shelf-life of ALS
datasets used in a model-assisted framework was at least 10 years, helping to reduce longterm inventory costs, as well as maintain the accuracy and applicability of predictive
attribute models. Their findings indicate that ALS data can provide value for at least several
years after acquisition related to the landscape level quantification of forest attributes, as
well as immediate cost savings through the provision of high quality DTMs. It is important
to bear in mind that data shelf-life may change with disturbance type (anthropogenic or
non-anthropogenic) and rate of change, as well as forest type. While these data provide
obvious benefits to inventory systems, reliance on a single ALS data acquisition does not
provide information on how forest vegetation is changing through time, perhaps one of the
most critical tactical and strategic management directives (Tomppo et al., 2010). This
theme, which is fundamental to this dissertation, is repeatedly addressed to outline the
importance of updatable EFI frameworks for establishing linkages between inventories and
forest management strategies.
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A possible method to better incorporate forest dynamics into EFIs, and achieve a more
holistic inventory framework, is through repeated ALS acquisitions (Alonzo et al., 2017;
Andersen et al., 2014; Zhao et al., 2018). A critical factor for re-acquisition of ALS is
ensuring that growth increments for targeted forests exceed the noise (precision) of
instruments and any bias associated with the measurements (Wulder et al., 2008). An
operational limitation is that repeat ALS acquisitions are often economically infeasible and
scale dependent (Dees et al., 2012; McRoberts et al., 2018; Ullah et al., 2017). For
example, acquisitions over vast forest tenures, and oppositely, local operational scale (<
100 ha) openings are impractical (Wulder et al., 2008).
Given the difficult economics, alternate technologies must be integrated to provide a
means of cost-effectively and efficiently updating pre-established EFIs (Goodbody et al.,
2016; Tompalski et al., 2018; White et al., 2016). In particular, Chapters 2, 7 and 8 speak to
these limitations and discuss approaches to effectively supplement baseline EFIs.
A technology that has garnered significant interest due to its similarities with ALS is digital
aerial photogrammetry (DAP) (Figure 1; Rahlf et al., 2017; Stepper et al., 2017; White et
al., 2015). DAP and its underlying technologies, which are thoroughly reviewed in Chapter
2, are capable of generating spatially continuous, 3D data derived from digital stereoimagery (Rahlf et al., 2017). These data, which have been referred to as 3D vision, structure
from motion, image-based point clouds, image point clouds, photogrammetric point clouds,
and digital stereo imagery in the literature, is a technology capable of characterizing
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vegetation structure analogous to ALS data (Goodbody et al., 2016; Leberl et al., 2010;
Ullah et al., 2017; White et al., 2015).
The primary focus of this dissertation is to critically review, analyze, and discuss
DAP and its role in an EFI context. Reviews and analyses herein illustrate how DAP data
can be integrated to provide estimates of standard and novel inventory attributes at differing
stages of stand structure, as well as their potential for incorporation into EFI frameworks.
Additionally, I discuss the importance of the development of unmanned aerial systems
(UAS) as a platform for acquiring stereo-imagery for DAP production. Innovation in UAS
technology is happening at a rapid rate, and merits a review such as that presented in
Chapter 3. While this thesis remains predominantly agnostic with regards to acquisition
platform, the current and future role of UAS for improving cost-effectiveness, precision,
and efficiency of imagery acquisitions in a forest management context is elaborated in
significant detail.
1.5

Objectives and fundamental dissertation themes
Given the promise of DAP technology for integration into EFI frameworks, in this

dissertation I:
•

Review, examine, and report on DAP’s successes and limitations for characterizing
forests of varying structures.

•

Determine the role of DAP in generating, extrapolating, and updating EFI data.

•

Assess DAP-derived inventory products and datasets for their potential to monitor,
update, and expand inventory knowledge, as well as inform multi-level forest
management initiatives.
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1.6

Research questions
To address the above themes, I pose the following research questions (Figure 1):
1. What is the state of DAP research with regard to enhancing forest inventories, and
what is the capacity to create, update, and monitor EFIs in maturing stands using
DAP?
2. How does seasonal timing of DAP acquisitions influence its ability to provide
accurate terrain information in sparsely forested openings?
3. Can temporal and spatial knowledge of forest regeneration be improved using
DAP?
4. What are the values of DAP spectral and structural metrics for spatially modelling
biotically disturbed stands and standard inventory attributes?
5. What are the drivers for acquiring DAP data using UAS?

By addressing these research questions, I outline the potential of DAP to provide
novel datasets and approaches for supplementing EFI data for various forest structure
conditions.
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Figure 1: Conceptual diagram outlining the structure of this dissertation. DAP – Digital aerial photogrammetry; UAS – Unmanned aerial systems; EFI – Enhanced
forest inventory
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1.7

Dissertation overview
Chapter 2 reviews DAP technology and its integration into forest inventories to generate

accurate and reliable data models and products. This chapter focuses on how DAP has major
potential as a technology for updating ALS generated EFIs to form an effective inventory
framework.
Chapter 3 reviews UAS as a viable platform to acquire forest inventory data, with a
focus on stereo-imagery acquisition and DAP. UAS technology and its use within a forest
management context is outlined to better understand the role this tool will play in future
management and planning scenarios. Chapter 2 and 3 both look to establish a knowledge
foundation for consequent analytical chapters.
Chapter 4, the first analytical chapter in this dissertation, focuses on how seasonality and
vegetation phenology influence the ability of DAP to generate accurate terrain models in a
sparsely forested, deciduous dominated stand. The potential of utilizing multi-temporal DAP
data is addressed in this chapter, outlining the benefits of both DAP and UAS.
Chapter 5 assesses the potential of DAP and UAS to be used to spatially, structurally,
and spectrally characterize forest regeneration to provide novel data products to improve
silvicultural management strategies and establish a means of multi-temporal monitoring.
Chapter 6 compares the relative effectiveness of DAP’s structural and spectral metrics
for characterizing cumulative eastern spruce budworm (Choristoneura fumiferana) defoliation.
The value of structural metrics for modelling standard forest inventory attributes at a landscape
level is also explored. DAP’s provision of both spectral and structural metrics are analyzed to
determine the benefits of both data types from stereo-imagery acquisitions.
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Chapters 7 and 8 use DAP as a means of updating an ALS EFI baseline. Chapter 7
approaches the potential of DAP to update residual timber volume estimates by applying the
area-based approach (ABA), while Chapter 8 addresses the ability of DAP to update ALS EFIs at
an individual tree level. These chapters outline the potential for synergy between ALS and DAP
technologies to facilitate periodic and effective EFI updates.
Chapter 9 offers conclusions with reference to research themes and questions, outlines
limitations, and presents future research opportunities for area-based EFI update using DAP data.
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Chapter 2:

Digital aerial photogrammetry and its role in updating area-based forest
inventories1

2.1

Photogrammetry and digital aerial photogrammetry
At its most basic level, application of photogrammetry in inventories involves identifying

a common location, such as a tree or road intersection, in two or more overlapping images
(McGlone et al., 2004). Typically, an aircraft with a mounted camera would follow a flight path
to ensure total coverage of a given forest area while acquiring images with sufficient overlap
(Tao et al., 2011). Upon completion, adjacent aerial images are overlaid and analyzed
stereoscopically to outline timber resources and terrain characteristics in 3D.
DAP utilises this concept; however, instead of a photo interpreter identifying common
objects manually, conjugate pixels are located in overlapping images with photogrammetric
software. When conjugate pixel pairs are located, a line, or ray, is superimposed from the
vantage point of the camera to their location for each image. The intersection of all rays for one
pixel determines its 3D position. This is done for each pixel in all overlapping aerial images
using an image-matching algorithm such as semi-global matching (Hirschmüller, 2005). Once
complete, pixels are plotted in 3D space in the form of a point cloud (Figure 2). These point

1

The content of this chapter has been adapted from:
Goodbody, T.R.H., Coops, N.C., White, J.C., (2018). Digital aerial photogrammetry for updating area-based forest
inventories: A review of opportunities, issues, and future directions. Current Forestry Reports. (In Review)
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clouds share multiple similarities to those produced using ALS; however, image pixels are used
instead of directed light energy (White et al., 2015).

Figure 2: Point cloud cross-section comparison of ALS (light green) and DAP (dark blue). ALS points can be
seen characterizing internal forest structure and the ground surface, while DAP is limited to the outer canopy
envelope.

The incorporation of DAP for enhancing forest inventories is logical for a number of reasons:
•

Stereo-photogrammetry has a long-standing history in forest management (Spurr, 1954),
enabling characterization of terrain, forest cover, and species data, amongst others
(McGlone et al., 2004; White et al., 2016).

•

The use of aerial imagery for photo-interpretation of land cover and detailed forest cover
is commonplace in forest inventory systems globally (Tomppo et al., 2010). These
imagery datasets are integrated to provide spatially linked ecological information for the
purposes of data driven resources management approaches as well as informing federal /
international reporting obligations (Kangas et al., 2018).

•

The advent of ALS data in the late 1990s challenged the utility of photographs as the data
source of choice for forest applications (Baltsavias, 1999), however renewed interest and
investment in digital photogrammetry has occurred largely as a function of its capacity to
derive 3D information similar to ALS at a fraction of the cost (Rahlf et al., 2017; White
et al., 2015).
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•

The historical prominence and ongoing development of photogrammetry in the field of
forestry, and resources management more generally, provide structural, spatial, and
spectral information for the purposes of enhancing and updating forest inventories
(Goodbody et al., 2018).

The relative advantages of ALS and DAP were first summarized by Baltsavias (1999). For
DAP, key strengths continue to be the ability to acquire data from higher altitudes at faster
speeds, thereby enabling data acquisition over substantially larger areas relative to that of ALS,
for a fixed number of flying hours. DAP workflows are becoming increasingly automated
(Remondino et al., 2014), relative costs are low (White et al., 2013b), and in many jurisdictions,
photos are routinely acquired for alternative mapping projects (Straub et al., 2013), potentially
providing an already established and funded method for photogrammetric data acquisitions. Key
considerations are that acquisition and processing benchmarks have yet to be established, and
that DAP is strongly influenced by shadows and occlusions from objects that can prevent image
matching. DAPs major difference from ALS in the context of EFIs is that it is limited to
characterizing the forest surface (Figure 3), as opposed to internal forest structure (White et al.,
2015). DAP is however effective for conventional forest inventory processes such as manual
interpretation tasks or stand boundary delineation.
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Figure 3: Comparison between ALS (left) and DAP (right) point clouds from the same sample plot near
Williams Lake, BC. These data are described in detail in Chapter 7.

Like ALS, DAP point clouds also have the capability to generate DTMs; however, due to
the fact that the technology is based on images, mapping accuracy declines under canopy
(Holopainen et al., 2015). Consequently, it is recommended that ALS derived DTMs be used in
forested areas if available. As elaborated upon in Chapter 3, due to the high cost of conventional
aerial imagery from airplanes or helicopters, UAS are increasingly being used in the acquisition
of high spatial resolution imagery for local operational tasks (Pajares, 2015). Low long-term
capital costs, ease of use, and fast data acquisition are major drivers for their adoption (Tao et al.,
2011). UAS have been proven to provide valuable data for surveillance, mapping, and 3D
modelling applications at operational scales (Nex and Remondino, 2013).
2.1.1

Enabling technologies
A digital photogrammetric system or framework is comprised of computer hardware and

software designed to generate photogrammetric products from digital stereo-imagery using a
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combination of manual and automatic techniques. Rapid technological advancements and cost
reductions for computer/platform hardware components have lowered the barriers-to-entry to
conduct photogrammetric processing routines at spatial and temporal frequencies that were once
cost-restrictive (Nolan et al., 2015). Increased availability and cost-effectiveness of high quality
computer hardware has shifted the competitive edge of digital photogrammetry systems to being
software driven with a variety of commercial and open source software available (Stone et al.,
2016).
Although digital frame scanners (area-array sensors) have been predominantly used for
photogrammetric surveying, some linear-array architecture sensors, also known as pushbroom or
three-line scanners, have shown promise for stereo-image acquisitions (Table 1, Pepe et al.,
2018; Pitt et al., 2014). These sensors incorporate forward, nadir- and backward-oriented
overlapping panchromatic scenes that allow derivation of 3D products (Gruen and Li, 2002).
Additional linear arrays have also been added to provide multispectral, as well as true and falsecolour imagery (Petrie and Walker, 2007). Studies such as Haala et al. (2000), which compared
the ability of frame and pushbroom sensors to generate DTMs and orthoimagery, found that both
technologies are equally capable of generating accurate products, and that the choice of sensor
type is more dependent on overall hardware and software costs, as well as performance of
commercially available processing suites. In depth summaries and examples of contemporary
linear- and area-array sensors can be found in Lemmens (2008) and Pepe et al. (2018).
Digital sensors provide improved radiometric performance, eliminate film processing
costs, decrease physical storage space requirements, and facilitate highly automated workflows
that greatly reduce the time needed to generate photogrammetric products (Kang et al., 2008;
Leberl et al. 2010). Digital sensor technologies have also improved ground sample distances
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(GSD) and image capture rates. These technological advancements have increased the number
and quality of images being acquired, and consequently improved the potential for increased
imagery overlaps. This means that more stereo-images are being captured at no additional cost,
improving rates of successful image matching and survey cost-effectiveness. Increased image
overlaps have also acted to reduce the need for dense ground control due to reductions in
systematic and pseudo-systematic errors influencing photogrammetric measurement accuracy
(Kraus, 2004). It must be added that although increases in along-track overlap can be realized
without any added cost to surveying (Leberl et al., 2010), increasing across-track overlap would
require more flight lines, driving up cost. This is why a high-overlap/flight efficiency trade-off
exists, and must be balanced according to image parameter requirements.
Significant advancements in the quality and quantity of imagery through direct georeferencing from high-quality onboard global positioning system (GPS)-derived positions and
inertial navigation systems have led to improved accuracy of photogrammetric processing
(Cramer et al., 2000). Unlike frame cameras, linear array systems must rely on GPS and inertial
navigation systems for accurate position information. These components add cost to the overall
image system (Haala et al., 1998; Meng et al., 2012). These technological innovations have
provided a means of generating high density and accuracy point clouds for forest surveying
(Leberl et al., 2010), while realized economic efficiencies can be attributed to imagery
digitization.
2.1.2

Image-matching algorithms
Image matching algorithms are diverse, with a variety having been used to generate point

clouds for the purposes of estimating structural attributes of vegetation and timber (Goodbody et
al., 2018; Haala, 2014; Melin et al., 2017; Næsset, 2002b; Stepper et al., 2017; Ullah et al.,
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2017). Algorithms can be separated into two distinct streams: feature- and area-based methods
(Lowe, 2004; Remondino et al., 2014; Remondino and Menna, 2008; Zitová and Flusser, 2003).
Feature-based methods, the simpler of the two types, use rudimentary cartographic points and
lines to find image matches, while area-based methods use a moving window approach that
analyzes pixel differences to find matching points (Kukkonen et al., 2017). A thorough history
and description of the development, testing, and implementation of image matching algorithms
can be found in Remondino et al. (2012, 2014). The performance of contemporary algorithms
has invoked a renewed interest in aerial photography due to their provision of high resolution
imagery and structural information at lower costs than ALS (Stone et al., 2016).
Software robustness, reliability, and speed is a rapidly advancing field, increasing
competition amongst software developers (Hirschmüller, 2005; Smith et al., 2015; Stone et al.,
2016). The proprietary nature of some algorithms however, raises challenges related to their
functionality, where “black-box” transparency restrictions limit knowledge of the assumptions of
inner workings of the algorithms, and reduce algorithm focused reporting (Remondino et al.,
2012). A secondary challenge in using these algorithms is that they have not been purposefully
developed to reconstruct vegetation for forest inventory purposes (Baltsavias et al., 2008), an
area where continued research into algorithm refinement and benchmarking is warranted. The
degree to which software can be parameterized is important for forest environments (among
others). Parameters are often determined by trial and error and many are software specific. This
poses challenges for large area implementations.
Many software packages implement some form of the semi-global matching algorithm
(Hirschmüller, 2008, 2005). Semi-global matching is a fast and efficient image matching
algorithm, and has been demonstrated to provide accurate image matching results with low
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processing times (Dall’Asta, 2016; Hirschmüller, 2011). The inter-comparison of selected
algorithms for the purposes of producing point clouds for forest attribute estimation has typically
focused on a comparison of two software packages, rather than a systematic evaluation. Ullah et
al. (2017) and Kukkonen et al. (2017) compared software in the context of the ABA for forest
attribute estimation, for canopy cover estimation by Granholm et al. (2017), and for
miscellaneous targets in Remondino et al. (2014). Both Ullah et al. (2017) and Kukkonen et al.
(2017) found that image matching techniques were capable of generating standard forest
inventory estimates such as timber volume with accuracies comparable to those of ALS.
In Ullah et al. (2017) the semi-global matching algorithm was found to outperform the
enhanced automatic terrain extraction algorithm for generating information layers or thematic
map products to aid forest management. Semi-global matching was found to be the simpler of
the two algorithms, with less user defined parameters, faster processing speed, and higher overall
accuracy. Kukkonen et al. (2017) compared semi-global matching to the next-generation
automatic terrain extraction algorithm (Zhang, 2006), finding negligible differences in generated
digital surface models (DSM), and indicated that both algorithms were capable and accurate at
providing forest attribute estimates with the pre-condition that an ALS DTM was available.
Granholm et al. (2017) compared the MATCH-T and SURE algorithms for estimating vertical
canopy cover and found differences in point cloud outputs, but not in generated metrics. All
studies, however, were cautious in their recommendation of a particular algorithm due to the
potential differences that could arise from software tuning, forest type, and solar illumination.
2.1.3

Digital photogrammetric workflow
Prior to image acquisition and consequent photogrammetric processing, a number of

factors must be considered for successful imagery acquisitions (Figure 4). Mission planning in
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aerial photogrammetric projects is the primary and critical step to ensure success in consequent
acquisition and processing stages (Pepe et al., 2018). Flight planning is likely the area that would
most benefit from parameter benchmarking studies as it would help to improve overall costeffectiveness and efficiency of acquisitions, while ensuring that consequent point cloud products
are best suited to area-based estimation approaches. Pepe et al. (2018) provide an in-depth
review of flight planning considerations for a variety of platforms, sensors, as well as
commercially available and open source flight planning software. Similarly, Osborn et al. (2017)
detail photographic componentry and settings, imaging sensors and platforms, and flight
planning details with their advantages and disadvantages for photogrammetric mapping to
support forest inventories. Research gaps presented in Figure 4 are discussed and elaborated
upon in Chapter 9.
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Figure 4: Flowchart listing the order of a theoretical digital photogrammetric workflow with associated
research gaps for each stage.

2.1.4

Imagery acquisition
Landscape level imagery acquisitions for the purposes of forest inventory related

photogrammetric analyses have been proven capable and effective for providing structural and
spectral forest inventory information (Bohlin et al., 2012; Granholm et al., 2015; Honkavaara et
al., 2009; Nurminen et al., 2013; White et al., 2013b). Aerial imagery acquisitions are often
updated on a regular basis by national or regional mapping entities (Straub et al., 2013; Waser et
al., 2008), further underwriting the costs of using these data in forest inventories, and making
aerial images a dependable data source with temporal depth (St-Onge et al., 2008). The
utilization of these datasets, which are often widely available, could be a useful and cost24

effective means for identifying and monitoring forest change, as well as realizing unforeseen
inventory value.
Parameters of importance that have been tested in the literature that require continued
benchmarking are flight altitude and GSD, across-track overlap, the type of sensor being used,
and light conditions (Figure 4). Standardization and benchmarking studies that focus on these
key parameters are therefore crucial to detailing best practice approaches to image acquisition.
Given that the updating of EFIs is generally conducted at a landscape level, herein we focus on
the use of manned aircraft for image acquisitions and their capacity to cost-effectively acquire
imagery over large spatial extents (Leberl et al., 2010). The potential for UAS to be used as
platforms for stereo-imagery acquisitions at a local operational scale is elaborated upon in
Chapter 3.
2.1.4.1

Altitude and ground sample distance
Bohlin et al. (2012) tested multiple configurations of altitude (1200 / 4800 m) and GSD

(0.48 / 0.12 cm) (Figure 7). The authors found that variation in GSD from lower flight altitudes
generated denser point clouds, but did not improve tree height, basal area, or stem volume
estimates. Similarly to results found in Lim et al. (2008) using ALS, Bohlin et al. (2012)
concluded that plot-level variable estimation with DAP is robust, and that an increase in point
density will not affect outcomes unless changes in forest structure occur. Honkavaara et al.
(2012, 2013) found that GSDs of 30–40 cm provided surface models that adequately
characterized leading forest cohorts. This could provide justification for increasing flight altitude
to improve cost-effectiveness (Nurminen et al., 2013), however Gobakken et al. (2015) also
highlight that the relationship between flight altitude, camera lens angle, and increasing GSD,
can reduce height estimation accuracy.
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Gobakken et al. (2015) note that while wide angle lenses provide increased overlap,
especially at higher altitudes, that if image capture proximity is dispersed, point clouds will
suffer from occlusion issues and become less accurate in estimating tree heights, a point that was
confirmed by Tanhuanpää et al. (2016), who evaluated high altitude DAP data for individual tree
detection. Furthermore, increased amounts of atmospheric noise at higher flight altitudes could
increase error in estimates (Gobakken et al., 2015). Considerations regarding the need for
completeness and height accuracy should guide acquisition planning and imagery capture
(Lemaire, 2005). Järnstedt et al. (2012) conclude that differing requirements for ALS and DAP
with regards to flying altitudes and distances between flight lines is potential justification for
using imagery as a single data source to considerably improve inventory efficiency.
2.1.4.2

Image overlap
The most commonly used methods for planning imagery acquisitions involve flying in

strips with a pre-determined level of along- and across-track overlap. Along-track overlaps
between 60% - 80% are common for photogrammetric projects (Appendix A; McGlone et al.,
2004), with values of 80% and above being used for improved penetration between objects for
more effective and accurate depth reconstruction (Pepe et al., 2018), as well as to reduce the
impact of shadows on image-matching algorithms (Baltsavias et al., 2008). Given that mission
planning has generally focused on the acquisition of orthoimagery products and not digital
photogrammetric analyses, imagery overlap has generally been lower than what is needed for
complete point cloud derivation, potentially influencing area-based estimation capabilities. With
digital camera systems, an increase in along-track overlap comes at no cost (Leberl et al., 2010).
Several studies have demonstrated that an increase in along-track overlap from 60% to 80%
reduces the relative root mean squared error (RMSE) for area-based attribute projections (Bohlin
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et al., 2012; Nurminen et al., 2013; Puliti et al., 2017). It must be reiterated that a trade-off exists
between image overlap, flight time, and increases in acquisition costs (St-Onge et al., 2015). Preplanning of the most effective and efficient overlap for the desired data quality is therefore of
great importance for utility, efficiency, and budgetary reasons.
Straub et al. (2013) concluded that imagery with overlaps of 65% and 30% along- and
across-track respectively, are sufficient to support stereo-image matching and area-based
outcomes, noting that increased overlap would likely improve other applications, such as
detection of canopy gaps. White et al. (2018) compared the use of DAP and ALS data for canopy
gap detection and mapping, concluding that point clouds generated from imagery with 60%
along-track and 20% across-track could not provide analogous results to those of ALS for
detecting canopy gaps in coastal rainforests on Vancouver Island, Canada. Indeed, the majority
of imagery used for generating DAP point clouds for forest inventory applications are acquired
with along-track overlaps of 60% and across-track overlaps that range between 20% and 35%
(Appendix A), reducing the potential for multi-image matching. Further research into multiimage matching for reducing the influence of occlusions such as shadows is warranted (Haala et
al., 2010; Nurminen et al., 2013; Vastaranta et al., 2013b). It may be that the best avenue to
benchmarking and optimising overlap in differing forest types be conducted using UAS, as their
ability to acquire imagery is fast, cost-effective, and can be parameterized to mimic aerial
acquisitions (Frey et al., 2018).
2.1.4.3

Imaging sensors
Studies that have assessed the utility of DAP data for implementing the ABA have

predominantly used large-format digital frame sensors, although Pitt et al. (2014) used a linear
array system. Nurminen et al. (2013) outlined that flight efficiencies and significant cost-savings,
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likely related to higher detail and larger film surface, can be realized when using large-format
photogrammetric sensors. Straub et al. (2013) found that the frame-array sensors can be used to
model inventory attributes in more structurally complex forests. Iqbal et al. (2019) compared
photogrammetric approaches using small- and medium-format digital sensors. Their findings
indicated that both sensors provide analogous results to those of ALS, providing rationale for
managers to use data acquisition solutions that best fit operational needs. Conclusions from these
studies indicate that forest inventories supported by an accurate pre-existing ALS DTM can be
updated using optical imagery from a variety of sensors.
2.1.4.4

Illumination
The acquisition of imagery over portions of large forest tenures may be advisable.

Gobakken et al. (2015) indicated that large-area imagery acquisitions for the purposes of
generating an area-based DAP inventory may be prone to varying illumination conditions such
as sun angle, which have been shown to influence the geometric properties of the generated DAP
canopy (Baltsavias et al., 2008). White et al. (2015) and Rahlf et al. (2017), however found that
sun angle had minimal influence on ABA outcomes. Rahlf et al. (2017) found that including sun
inclination as a predictor reduced the relative RMSE of area-based predictions by ~2%.
Variation in lighting conditions during a single flight could also be considered rationale for not
incorporating spectral metrics as explanatory variables within forest parameter models unless
rigorous radiometric calibration is possible (Rahlf et al., 2017). Systematic testing of the
potential utility and importance of spectral metrics for estimating species-specific forest
variables could help to improve forest management and planning (Bohlin et al., 2012;
Honkavaara et al., 2009; Kukkonen et al., 2017; Puliti et al., 2017).
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2.1.5

Point cloud generation
Following acquisition and compilation, acquired imagery must be photogrammetrically

processed. Images are first optimized and aligned using meta-data including internal sensor
specific information such as the focal length and field of view, as well as image specific external
data such as GPS location and inertial measurement unit orientation. Image key-points, pixels or
areas of interest with high contrast or texture that are easily identifiable in stereo-image sets, are
then isolated within each image. The number of key-points that are compiled for an imagery
dataset is dependent on the size of the images as well as its visual content. A landscape largely
covered in snow with little spectral variation will likely yield less key point matches than a
spectrally variable landscape.
Key-points are then matched amongst the image dataset and are consequently processed
to derive their three-dimensional location, which are labelled as automatic tie-points. Manual tiepoints can also be added, which are user defined markers that are often used to assess and
improve 3D reconstruction accuracy. The result of the initial tie-point generation produces a low
density DAP point cloud.
In order to increase the density of the output point cloud, automatic tie-point generation
continues until pixel matching has reached a pre-determined limit, or is exhausted. Software
packages generally have differing levels of automatic tie-point thresholds (Iqbal et al., 2018),
which depending on available computational power increase the density of the output point
cloud. The product following completion of densification is what will be exported and used for
consequent point cloud processing and analysis (Figure 5). Generally however, the densified
point cloud is used to generate a 3D textured mesh, a structural surface with image inherited
spectral data, which is often used for the creation of orthomosaics to remove perspective
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distortion from images and reflectance maps. The 3D textured mesh can also be described as a
surface model.

Figure 5: Simplified visualization example of how DAP point clouds are generated from stereo-imagery. Point
cloud generated using Pix4D software. These data were acquired near Nakusp, BC, and are described in
detail in Chapter 5.

2.1.6

Point cloud processing
Processing of densified DAP point clouds follow a similar stream to that of ALS. This is

one of a number of reasons why the integration of DAP is logical for updating ALS EFIs. Major
processing steps can be conducted as follows, however no common standards for point cloud
processing have yet been established (Figure 4).
Exported densified point clouds, which are often stored as uncompressed .las format files
(The American Society for Photogrammetry & Remote Sensing, 2011) are converted to
compressed files (.laz) to improve processing speed and reduce digital storage requirements. This
step is not mandatory, however is advisable as storage requirements can be reduced to 7 – 20%
of original uncompressed file size (Isenburg, 2013). Converted files are then subdivided into tiles
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with a pre-determined amount of overlap and processed individually to increase processing
efficiency. Given that anomalies can occur in point cloud generation, tiles are filtered for noise
that could introduce bias into future processing stages. Points within tiles are then classified into
one of the ASPRS defined LAS classes (The American Society for Photogrammetry & Remote
Sensing, 2011), which distinguish between ground, vegetation strata, and water amongst others.
Points classified as ground are isolated and can be used to generate DTMs (Westoby et al.,
2012).
A major limitation of DAP data is its inability to produce accurate DTMs over areas of
moderate to high canopy cover (Goodbody et al., 2018; Tomaštík et al., 2017). DAP derived
DTMs from forested areas are often inaccurate and are inadvisable as products for normalizing
DAP point clouds to heights above ground level. Their use can potentially lead to inaccurate
area-based estimates (Figure 6). Lack of the ability to provide accurate DTMs considerably
limits the scenarios where DAP could be used to establish baseline EFIs. DTMs from other
sources such as shuttle radar topography mission DTM products can be used (Goodbody et al.,
2018), however will not provide results with the same reliability and spatial accuracy than ALS
DTMs, which have the requisite spatial resolution and accuracy under canopy.
To remedy the issue of poor DAP derived DTM quality, co-located ALS derived DTMs
can be integrated into the DAP processing stream for point cloud normalization (Bohlin et al.,
2012; Goodbody et al., 2018; Granholm et al., 2015; Nurminen et al., 2013; Vastaranta et al.,
2013; White et al., 2013b). Moreover, structural metrics derived from DAP point clouds that use
the same terrain information for normalization to heights above ground readily facilitate multitemporal comparisons, while improving the long-term value of ALS acquisitions. (Bohlin et al.,
2012; Gobakken et al., 2015; Järnstedt et al., 2012; White et al., 2015).
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Figure 6: Schematic visualizing how normalization of T1 ALS and T2 DAP point clouds is conducted. ALS data is normalized using points classified as
ground (top) to remove terrain influence. When the same concept is applied to DAP data (middle), however using DAP points classified as ground, data
are prone to errors due to lack of accurate ground characterization by DAP. To solve this issue, ground points from T1 ALS data are merged with T2
DAP (bottom) and are used for normalization.
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2.2

Area-based EFI update using DAP data
A DAP EFI updating framework would begin with assessing the effectiveness of baseline

ALS strata to reflect stand growth as well as management and disturbance activity. Assessing the
robustness of DAP data to generate similar strata to ALS should also be assessed. Specifically,
calibration of canopy closure estimates is important for reliable change detection (Melin et al.,
2017; Vastaranta et al., 2013b).
Following stratification and sample location, field measurement campaigns should be
designed to ensure the acquisition of data to support area-based forest attribute modelling (White
et al., 2013a, 2017). Attributes of primary interest have commonly included volume, basal area,
height, stem density, and quadratic mean diameter (Bohlin et al., 2012; Puliti et al., 2017;
Tompalski et al., 2018; White et al., 2015). Plot level point cloud metrics such as height and
density are matched with corresponding field measurement data and used as predictors for
parametric or non-parametric predictive models. The use of DAP spectral metrics as predictors,
as used in Bohlin et al. (2012) and Puliti et al. (2017) could also be incorporated, however must
be conducted with care due to the potential variation among flight imagery, and between
successive imagery acquisitions (Rahlf et al., 2017; St-Onge et al., 2015). Following generation,
models are applied wall-to-wall to enable landscape level mapping of attributes of interest with
known error (Appendix A).
2.3

DAP data for forest inventory: A summary of quantitative findings
Preliminary studies looking to determine DAPs effectiveness for area-based attribute

estimation used scanned analog photos with GSDs between 0.19 and 0.24 m. Næsset et al.
(2002b) found that mean stand height underestimated true stand height by 5.42 m, and that
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results were not superior to manual photogrammetric mensuration accuracies. Estimation bias
was found to be influenced by image-matching parameters, stand age, and site quality. Similarly,
St-Onge et al. (2008) also found that the accuracy of height estimates were influenced by imagematching parameters, as well as sun illumination, viewing geometry, and the complexity of the
forest canopy. Correlations between ALS and DAP in St-Onge et al. (2008) were found to be
highest in young forests. Results from these pioneering studies helped to establish a foundation
for further photogrammetric forest inventory research, and highlight how DAP technology has
changed since their publication.
The accuracy of attribute predictions using DAP are of comparable or higher quality than
traditionally acquired inventories, while providing greater detail about their spatial distribution
(Bohlin et al., 2012; Goodbody et al., 2016; Granholm et al., 2015; Nurminen et al., 2013; Rahlf
et al., 2017; White et al., 2013b). Although studies vary dramatically in their parameterization,
they form a solid basis for the decision to use DAP data for updating EFIs, as well as for
continued research into effective acquisition and processing standards. A summary of studies
comparing ALS and DAP attribute estimates are presented in Appendix A.
Studies comparing ALS and DAP estimation accuracies have predominantly taken place
in Scandinavian boreal forest environments (Bohlin et al., 2012; Gobakken et al., 2015;
Nurminen et al., 2013; Rahlf et al., 2015). Examples of large scale studies include Bohlin et al.
(2017), which compared DAP and ALS attribute modelling over four 10,000 km2 areas in
Sweden, Rahlf et al. (2017), which examined a range of topographic and positional variables
over a 25,000 km2 area in Norway, and Tuominen et al. (2017), which assessed the potential
contribution of structural DAP metrics to the Finnish Multi-Source National Forest Inventory
over 5800 km2. Authors outline the importance of understanding how well results translate to
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differing forested ecosystems (Järnstedt et al., 2012). For example, Vastaranta et al. (2013b)
achieved high estimation accuracies using DAP in southern Finland, however were hesitant to
provide recommendations regarding DAP use in mixed-aged, multi-layered stands such as those
used in White et al. (2015). Their reasoning was that small variations in landscape level stand
structure resulted in low sample variance, and corresponding strong relationships with ALS and
DAP metrics.
2.3.1

Height
Estimations of variables such as Lorey’s mean height (Bohlin et al., 2012; Gobakken et

al., 2015; White et al., 2015; Yu et al., 2015), mean height (Järnstedt et al., 2012; Nurminen et
al., 2013; Vastaranta et al., 2013b), and top height (Pitt et al., 2014) using DAP were consistent
across studies (Figure 7). Pitt et al. (2014), which was conducted in central Canadian boreal site,
and White et al. (2015) in a coastal temperate rainforest found estimation accuracies similar to
those in less complex forests in Scandinavia and Germany, indicating that DAP based estimates
show some robustness to height measurements across forest types. Navarro et al. (2018) found
that ALS %RMSE was slightly higher than that of DAP, the only height comparison where DAP
was found to be more accurate than ALS.
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Figure 7: Result of literature review comparing %RMSE for ALS and DAP for the estimation of Volume, Height, Basal Area, and Diameter. Standard deviation (SD) %
of ALS and DAP are presented for each attribute. Mean differences (Diff mean) between ALS and DAP all indicate the average %RMSE difference for the attribute of
estimation. %RMSE for DAP was higher for all comparisons except for dominant height in Navarro et al. (2018), and basal area in Iqbal et al. (2019). Blank spaces
indicate that a comparison of ALS and DAP for estimating that particular attribute did not take place for that study. Bohlin et al. 2012 [A], [B], [C] as well as Nurminen
et al. (2013) [A], [B] are separate analyses conducted within the same study with varying acquisition parameters. Iqbal et al. (2019) compared small- [A], and mediumformat [B] digital sensors.
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2.3.2

Density and stem diameter
The estimation of basal area (Järnstedt et al., 2012; Kukkonen et al., 2017; Pitt et

al., 2014; Straub et al., 2013; Vastaranta et al., 2013b; White et al., 2015; Yu et al., 2015)
and mean basal area (Bohlin et al., 2012), although larger in %RMSE than height estimates,
were consistent across studies and comparable to their ALS counterparts. Iqbal et al. (2019)
found that both small- and medium format sensors were comparable in accuracy to each
other, as well as ALS (Figure 7). Their study found that basal area estimations using DAP
had lower %RMSE values than ALS. Higher %RMSE values are expected for attributes
such as basal area, which are dependent on variables such as stem diameter that cannot yet
be directly measured by ALS or DAP. Studies using DAP to model mean diameter
(Järnstedt et al., 2012; Nurminen et al., 2013; Vastaranta et al., 2013b), quadratic mean
diameter (Yu et al., 2015), and diameter distributions (Penner et al., 2015) found very
similar results between ALS and DAP estimates.
2.3.3

Volume
Comparisons for volume have been most common in the literature (Figure 7).

Estimates of volume for ALS and DAP provide promising and consistent results, and
although DAP is shown to have higher %RMSE, differences are generally small (Figure 7).
Accurate and consistent volume estimates provide the ability to directly evaluate the
economic worth of standing timber resources. This information can improve long-term
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forest planning through maximizing revenue from harvesting operations, and delineating
where and when operations should be conducted (Goodbody et al., 2017b).
2.3.4

Vertical complexity and cover
ALS and DAP characterize forest structure differently. Studies analyzing these

differences have outlined that DAP height metrics often provide redundant information
resulting from their high correlation. White et al. (2013b) found that the 10th and 90th
percentile of height for ALS were not correlated, but that the same metrics were highly
correlated for DAP. Lower height percentiles are generally found to be higher in the canopy
for DAP, while higher percentiles are found to be comparable to their ALS counterparts.
Nurminen et al. (2013) found that canopy cover metrics between ALS and DAP were all
significantly different from one another, and that the density of DAP point clouds were
predominantly higher than those of ALS, although this does not translate to higher
accuracies.
Just as DAP’s characterization of the outer envelope of the tree canopy limits its
ability to provide reliable data on ground surfaces, it also limits its ability to provide
statistical information on the internal structural complexity of forests (Figure 3). This could
raise challenges where conventional ALS point cloud metrics do not provide analogous
values using DAP, implying that existing ALS-based models may not be transferable with
the same predictor set (White et al., 2015). This raises the need to utilize structural metrics
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in model development that are similar between ALS and DAP to maximize potential for
area-based model transferability (Stepper et al., 2017).
2.3.5

Cost considerations
It is well established that the cost of DAP acquisition is considerably lower than that

of ALS, with estimation accuracies being similar (Bohlin et al., 2012; Hawryło et al., 2017;
White et al., 2015). Results in Kangas et al. (2018) support this statement, concluding that
the differences in accuracy can be considered negligible from a managerial perspective,
especially if data will be used for 10 years or less, the approximate shelf-life of ALS data
according to McRoberts et al. (2018). Kangas et al. (2018) assessed the value of ALS and
DAP to support harvest scheduling. Both were found to be equally valuable although ALS
was more precise. Given that economic losses and accuracy for both technologies were
similar, it was recommended that DAP and ALS be considered analogous, and that the
decision to acquire either data type should be dependent on availability, experience, project
constraints / requirements, and cost rather than geometric properties of point density and
accuracy (Kangas et al., 2018; Remondino et al., 2014). Notably, this study did not include
the cost of the ALS DTM used to normalize the DAP data. Given that the provision of the
ALS DTM is of major importance and motivation for data acquisitions, as well as being
critical for DAP normalization, future studies should include its value within economic
comparisons. Nurminen et al. (2013) suggested that airborne laser scanning could be
replaced by DAP, with the presence of an ALS derived DTM.
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2.4

Summary
DAP data have been proven accurate and cost-effective for estimating forest

attributes using the ABA where high accuracy ALS DTMs exist. Analyses comparing areabased estimates for DAP and ALS have found that accuracies can be considered similar
(although ALS data is generally more accurate), with DAP acquisitions being considerably
less expensive relative to ALS. These findings highlight the potential role DAP can play in
operational, tactical, and strategic forest inventory frameworks in a variety of forested
environments. Although successful, I outline that further research and development into
DAP acquisition parameters, image-matching algorithms, and point cloud processing
streams are needed. Advances in these areas will help to further establish DAP as a logical
data source for improving proactive forest management, and fill a gap for technologies
capable of cost-effectively and accurately updating EFIs.
One such technology that has realized cost-effective, consistent, and accurate
imagery data acquisitions that has witnessed a rapid increase in interest and investment in
recent years are UAS, otherwise known as unmanned aerial vehicles, or drones (Figure 8).
As briefly mentioned in this chapter, UAS have potential as a viable platform for acquiring
high spatial and temporal resolution stereo-imagery datasets at local operational scales, as
well as integration into DAP benchmarking experiments. The following chapter will review
UAS technology in general, as well as detail its past use and future potential within an
operational forestry context.
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Chapter 3:
Unmanned aerial systems and their growing role in forest management2

3.1

Unmanned aerial systems
As DAP algorithms and sensor technologies continues to develop, acquisition

platforms are seeing similar advances. With rapid technological innovation and an equally
rapid adoption into commercial markets, UAS, and the wide range of compatible sensors,
have become a viable tool for the acquisition of high quality imagery and forest inventory
data (Goodbody et al., 2017b).
Primarily developed for military and espionage applications, UAS have become a
popular multi-purpose tool for capturing high quality aerial data (Pajares, 2015) (Figure 8).
UAS can operate at much lower altitudes and achieve finer spatial resolutions than
conventional aerial and satellite surveying techniques (Zhang et al., 2016). Research and
development of UAS have focused on the ability to miniaturize, automate and enhance
navigation, improve payload potential, and maximize flight times. The emergence of a
booming commercial UAS sector, fueled by increasing price competition and simplified
flight technologies, projects to more than a quadrupling of sales in the next five years

2

The content of this chapter has been adapted from:

Goodbody, T.R.H., Coops, N.C., Marshall, P., Tompalski, P., Crawford, P., (2017). Unmanned aerial
systems for precision forest inventory purposes a review and case study. For. Chron. 93, 71–81.
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(Peasgood and Valentin, 2015). Although problems and limitations exist currently,
technological innovations in global navigation satellites and inertial navigation systems,
digital camera and sensor technologies, geo-fencing and collision avoidance, and battery
longevity, have allowed UAS to thrive, producing remote sensing information close to, or
better than, conventional aerial methods (Colomina and Molina, 2014). These technologies
have in a sense democratized remote sensing, allowing the public to acquire previously
unattainable high quality data sets.

Figure 8: Number of publications annually in the ISI Web of Knowledge for a general search on
[“Unmanned Aerial System”, “Unmanned Aerial Vehicle”] conducted in November 2018.

Major factors promoting their adoption, as well as DAP point cloud use in
operational forest management, have been ease of use, propensity for high spatial and
temporal resolution data sets, and low long-term capital costs (Patias et al., 2017; Wallace
et al., 2012a; Zhang et al., 2016). Global challenges currently surrounding the further
adoption and implementation of UAS in resource management settings include propulsion
longevity, limiting their ability to efficiently cover extensive areas, as well as line-of-sight
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legislation (Clarke, 2014). The implementation of UAS is however well suited to improving
managerial knowledge at a local operational scale, where they can be successful at updating
previously acquired inventory data and establishing new inventory baselines (Goodbody et
al., 2016, 2017a; Puliti et al., 2018a, 2018b).
Previous reviews of UAS technology, such as Pajares (2015), outline the significant
potential of these systems for improving agricultural and forestry efficiency, earthquake
and oil spill disaster response, and soil and aquatic systems monitoring. Similarly,
Blyenburgh & Co (2014) provide a detailed review of optical remote sensing
instrumentation, including active and passive visible, near-infrared (NIR), thermal infrared,
and microwave sensors mountable on commercially available UAS.
In this chapter, I provide a condensed review as to why UAS platforms are
increasingly being considered as platforms for the acquisition of high spatial resolution
imagery and consequent provision of DAP point clouds. I then describe the past, current,
and potential future roles of this technology within a forest inventory context. This chapter
looks to provide a knowledge foundation for future analytical chapters (4, 5, 7, 8) within
this dissertation that used UAS-acquired stereo-imagery datasets for DAP point cloud
generation.
3.1.1

Airframes
The current UAS market is diverse in terms of airframe type, size, and performance

(Blyenburgh & Co, 2014). In general, the capacity of UAS for aerial surveying or
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geomatics purposes is determined by factors that are a function of size, including payload
capacity, range, propulsion system, and cost (Stephens et al., 2000). Size classes, including
micro, mini, standard, full size, and high altitude long endurance, largely define the
potential for the UAS to perform desired tasks. In general, the majority of UAS used for
resource management and geomatics purposes are in the micro and mini classes, also
known as tactical UAS (Nex and Remondino, 2013).
Two major airframe types (fixed-wing and rotary) are available in these size classes
and costs generally range between CAD $1,000-$150,000, depending on the sophistication
of onboard instruments, propulsion system, payload capacity, airframe type, and flight
autonomy. Lower end options are generally unable to perform autonomous flights, almost
always require user assistance for take-off and landing, and are limited to specific sensor
models (Nex and Remondino, 2013). As technology continues to develop, capabilities such
as increased payload capacity to attach multiple sensors, improved range from battery or
small engines, and completely autonomous pre-programmable flights are becoming more
prevalent. Autonomous flight capabilities provide operators with a simple method of
improving output data quality by maintaining flight elevation, speed, and trajectory (Siebert
and Teizer, 2014).
3.1.2

Fixed wing platforms
Fixed-wing UAS consist of a single rigid wing with a predetermined aerofoil. Flight

mechanics of fixed-wing UAS mimic conventional aeroplanes, where airspeed is generated
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by a propeller powered by an electric motor or combustion engine. Maneuverability during
flights occurs through manipulation of ailerons, an elevator, and a rudder to control the roll,
pitch, and yaw. Advantages of these systems include simple maintenance, high flight
speeds, and longer flight times, providing maximal area coverage at minimal costs. These
characteristics make fixed-wing platforms ideal for larger scale mapping and surveying
(Nex and Remondino, 2013). Limitations to these systems are that they generally require a
launcher or runway, although more expensive vertical take-off and landing and short takeoff and landing models can ameliorate these problems. Fixed-wing platforms are limited in
that they must remain in a constant state of forward motion, nullifying their ability to
collect imagery of objects that require stationary capture, such as hydro-electric or bridge
inspection tasks (Montambault et al., 2010).
3.1.3

Rotary platforms
Rotary UAS have a high degree of mechanical complexity and customizability in

terms of their hardware. Rotors attached to a fixed central mast allow the UAS to hover and
fly in any direction. Rotor blades function in the same way as a fixed-wing aerofoil;
however, their ability to produce their own movement facilitates lift and flight (Figure 9).
Variation in thrust and torque of each rotor influences the overall movement of the UAS.
The number of rotors on these platforms can range from one (helicopter), to three
(tricopter), four (quadcopter), six (hexacopter), or even eight (octocopter) and above.
Advantages of these systems are that they are capable of vertical take-off and landing,
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allowing operators to launch in space limited environments and have responsive movement
and hover capabilities making them very well suited to inspection-related tasks or where
focus on specific objects is required (Montambault et al., 2010). The mechanically intricate
designs of these systems can be disadvantageous as they require a higher degree of
maintenance and larger draws on batteries or fuel to power. Comparatively high wind
resistance, slower overall flight speeds, and increased power requirements mean these
platforms have shorter ranges and consequently cover less area than fixed-wing platforms.
These disadvantages generally mean that rotary UAS are more expensive and require more
time to complete aerial surveying tasks.
Similarly to fixed-wing platforms, the price of rotary UAS is defined by software
and hardware technologies. Higher complexity in flight maneuverability and control with
rotary UAS increases the prices for models with autonomous flight capabilities. A large
majority of rotary UAS are controlled using joystick controls, although autonomous models
do exist.
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Figure 9: Aeryon Skyranger quadcopter operated by FYBR inc. - https://www.fybrsolutions.com/

3.1.4

Sensor configurations
Typical sensors and integrated instrumentation attached to conventional aircraft can

weigh upwards of 50 kg. Considering that UAS are highly limited in their payload capacity,
drastic reductions in size and weight are needed for sensors to be compatible. An issue
surrounding the attachment of sensors to UAS are that limitations to payload capacity and
power draw requirements limit the compatibility of carrier and sensor. UAS compatible
sensor development is occurring rapidly. The development of lightweight multi-spectral
sensors to provide high spatial and spectral resolution data, is of particular interest to the
forest management community. The potential for high fidelity radiometric data at ultra-high
resolutions has become reality, which could have significant implications for precision
47

agriculture and environmental science. A in-depth review of sensors compatible with micro
and mini UAS payload requirements can be found in Colomina and Molina (2014), who
differentiated between visible-band, NIR, multispectral, hyperspectral, thermal, laser
scanning, and synthetic aperture radar systems. Their review found that conventional high
resolution cameras were the dominant sensor being used, although multiple models of each
sensor type exist with UAS compatibility. Chapters 5, 7, & 8 of this dissertation use a low
cost RGB sensor, while Chapter 4 data was acquired using a Sequoia multi-spectral sensor
(Pix4D, 2018a).
Reductions in size and improvements in spatial resolution of visible-spectrum
cameras has facilitated small, high-quality, low-cost sensor development such as those
found on everyday smart-phone cameras (Colomina and Molina, 2014; Figure 10). The
development of these sensors, along with 3D imaging software, has caused DAP usage to
proliferate. The low cost of visible spectrum imagery collection and similarities of DAP
point clouds to those produced from ALS sensors has prompted a dramatic increase in
image-based point cloud research and commercial usage.
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Figure 10: UAS-acquired imagery using SUNEX MT9F002 red-green-blue (RGB; true-colour) sensor
at 100 m (a) and 200 m (b) above ground level

3.2

UAS applications for forestry
In order to improve the cost effectiveness and accuracy of operational forest

inventories, forest managers require spatially and temporally accurate forest inventory data
to make informed management decisions (Goodbody et al., 2016). Preliminary research
has shown that images captured from UAS systems offer a definitive combination of very
high resolution data capture at a consistently lower surveying cost (Wallace et al., 2012a).
The capability for UAS to be deployed quickly and easily acquire imagery also facilitates
updating inventories. Koh and Wich (2012) indicate that acquiring imagery and producing
UAS acquired DAP point clouds could lead to significant reductions in capital and labour
related costs, while also reducing the time needed for surveying.
The measurement of fundamental forest inventory parameters, such as tree height,
has been a major focus for UAS research (Goodbody et al., 2017b). Knowledge of the
physical location and distribution of timber resources prior to field reconnaissance can
improve productivity and eventual delineation of operational areas. Studies such as Wallace
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et al. (2014a), which used a UAS-ALS sensor, demonstrate the potential to measure tree
heights at a similar precision to ground-based measurements. UAS-ALS have also
demonstrated that measurements of tree height using these systems has the potential to be
more accurate than those from conventional ALS data (Lin et al., 2011). Other research into
UAS-ALS systems such as high resolution forest change detection (Wallace et al., 2012b),
tree detection and crown segmentation (Wallace et al., 2014b), and fine scale forest
mapping (Lin et al., 2011), indicate that UAS-ALS can extract information for forest
inventory generation and monitoring at the stand and individual tree levels. The detailed
and manipulatable nature of ALS point clouds shows strong potential to provide managers
with information that increases the efficiency of forest reconnaissance at operational scales
(Corona and Fattorini, 2008).
While UAS-ALS combinations show promise for measuring forest inventory
information, concerns about cost have been a limiting factor for their deployment. UAS
acquired imagery at an operational scale has been shown to be a relatively cheap and
complimentary technology to conventional aerial photo surveying while providing point
cloud outputs of similar quality and utility to ALS (Jaakkola et al., 2010; Osborn et al.,
2017; White et al., 2015). Low cost, high spatial and temporal resolution data acquired
using UAS-DAP point clouds has been shown to be accurate for observing phenological
dynamics, spectral traits, monitoring changes, and measuring forested environments
(Dandois & Ellis, 2013). Tang et al. (2015) and Siebert and Teizer (2014) indicate that the
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acquisition of high resolution stereo-imagery using UAS should be encouraged for forestry
purposes because it allows measurement of canopy and individual tree heights at lower
costs than ALS systems. Depending on UAS flight parameters, orthomosaic imagery of
forested areas can have spatial resolutions of 3 cm or less, providing managers with ultrahigh definition images of operational areas and a 3D point cloud in a single flight plan
(Zhang et al., 2016). Apart from studies such as Zarco-Tejada et al. (2014), which
demonstrated that optical imagery can be used to measure canopy heights at operational
scales, UAS-DAP point clouds have been used for many other forestry purposes including
spatial quantification of riparian areas and determining vegetation composition (Dunford et
al., 2009), mapping bark beetle damage at the individual tree level (Näsi et al., 2015), longterm forest monitoring (Zhang et al., 2016), and monitoring tropical forest recovery
(Zahawi et al., 2015).
DAP is limited in that it cannot provide comprehensive structural information like
ALS; however, the technique does produce a higher density surface model and includes
spectral information (White et al., 2015). This balance between similarities in utility and
differences in output products promotes their tandem utilization as a spatially and
temporally accurate forest monitoring framework without burdening the manager with
redundant information (Wallace et al., 2012a). Studies into the synthesis of ALS and UASDAP point clouds, such as Goodbody et al. (2016), which is elaborated upon in Chapter 7
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of this dissertation, has shown the possibility of using UAS-DAP point clouds to outline the
location and estimate residual timber volume following selection harvesting operations.
A combination of hardware limitations, such as the longevity of propulsion systems,
and current federal transport regulations, such as the requirement to always have visualline-of-sight with the UAS being flown, restrict the applicability of UAS for the mapping
and/or imaging of large areas (Transport Canada, 2014). As technology, federal regulations,
and knowledge of UAS mapping and inventory capabilities evolve, their use in large scale
mapping procedures should become more prevalent. UAS-DAP does however have the
potential to improve managerial knowledge of the land base at the local operational scale
by updating areas where imagery was previously acquired or establishing new baseline
inventory information.
3.3

Summary
This chapter reviewed UAS technology and presented research outcomes indicating

their effectiveness as a platform for acquiring high resolution remote sensing data. Major
benefits are that they are cost-effective alternatives to conventional acquisition platforms,
are quickly operationalized, and offer solutions for data needs at an operational scale. The
upcoming two chapters elaborate on these benefits, providing examples of how UAS-DAP
can be used to provide operational scale inventory information on early successional forest
structures. I outline in Chapters 4, 5, 7, and 8 that UAS-DAP is a viable method for the
provision of high quality EFI data.
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Given that UAS-DAP has proven effective for providing operational scale data, the
following chapter looks to explore its potential to generate DTMs in forests in the early
stages of secondary succession, specifically sparsely forested, deciduous dominated sites
akin to those following harvesting.
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Chapter 4:

Vegetation phenology driving error variation in digital aerial
photogrammetrically derived terrain models3

4.1

Background and motivation
In the previous two chapters, I outlined how DAP data and UAS platforms have

experienced rapid technological innovation. I have made the argument that improving
forest inventories via the inclusion of structural data derived from 3D remote sensing
technologies, such as DAP has shifted the paradigm of how forest mensuration and
inventory management can be undertaken. The integration of DAP datasets and UAS
platforms have facilitated a technological and data-driven revolution in forest inventory
management and ecology, providing the ability to support multi-scale planning and
decision-making.
The potential to acquire multi-temporal DAP data cost-effectively using UAS
capitalizes on the potential for high spatial and temporal resolution data. The inherent
potential of multi-temporal remote sensing data sets is well known (Hermosilla et al.,
2015a, 2015b; Pasquarella et al., 2017; Pickell et al., 2016), and innovations associated

3

The content of this chapter has been adapted from:

Goodbody, T.R.H., Coops, N.C., Hermosilla, T., Tompalski, P., Pelletier, G., (2018). Vegetation Phenology
Driving Error Variation in Digital Aerial Photogrammetrically Derived Terrain Models. Remote Sens. 10,
1554.
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with free open access big-data libraries have facilitated more frequent and meaningful time
series analyses (Jin and Sader, 2005; Löw et al., 2018; Wulder et al., 2016). Trend analyses
resulting from these data sets have been successful in outlining opportunities on how to
improve upon traditional management strategies using results-based scientific foundations.
Satellite based remote sensing programs such as Landsat, Sentinel, or MODIS have shown
that repeated acquisitions and increasing temporal resolution of acquisition programs are
invaluable for detailing economic and social development, and are critical for effective,
evidence based environmental management and monitoring initiatives (Lu et al., 2017,
2016).
While UAS-derived imagery and DAP datasets have proven cost-effective and
accurate for a variety of forest inventory information from single date acquisitions
(Goodbody et al., 2017a; Puliti et al., 2018b; Rusnák et al., 2018), limited research has been
conducted relating DAP derived forest structure descriptors and the timing or seasonality of
their acquisitions.
As elaborated upon in Chapter 2, a fundamental requirement for DAP integration
into an inventory is an accurate DTM. The ability to derive high resolution DTMs from
ALS data sets is well known (Furze et al., 2017; Liu, 2008), and have been used to
normalize co-occurring DAP datasets (Goodbody et al., 2016; White et al., 2015). This
however requires previous ALS coverages, which are often not available, increasing overall
inventory production costs. Studies analyzing the ability of DAP to provide accurate DTMs
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from various aerial platforms have found that their derivation are highly dependent on
canopy cover (Mohan et al., 2017; Tomaštík et al., 2017), limiting the ability for DAP to
characterize sub-canopy features.
Recent research into the potential to utilize multiple DAP acquisitions (Eltner et al.,
2015; Mirijovskỳ and Langhammer, 2015; Pádua et al., 2018; Rossini et al., 2018; Vega et
al., 2015; Xiang et al., 2018) as well as variations in sensor orientations (Lin et al., 2015;
Rusnák et al., 2018) have also been conducted. Findings predominantly indicate that flight
repetition and sensor orientation variability can provide improved results compared to a
single acquisition. For example, Mirijovskỳ et al. (2015) utilized UAS-DAP derived DTMs
to analyze variations in the fluvial dynamics of a mid-mountain stream. Their findings were
that DTMs were accurate and consistent at detailing stream bank shifts, as well as
calculating changes and volumetric extent of bank erosion. Findings such as these promote
further testing of multi-temporal DAP to generate DTMs for forest inventory analyses at an
ultra-fine scale.
In this chapter, a sparsely forested, deciduous dominated site in the early stages of
secondary succession was the focus of a multi-temporal UAS-DAP terrain analysis. These
site conditions are common in managed forest landscapes, offering the first available
opportunity to measure structure and provide opportunities for establishing DTM products
capable of enabling multi-temporal forest change detection. DAP derived DTMs were
generated for twenty time steps over two years and compared to a reference ALS DTM.
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The focus of this chapter was to determine how timing of imagery acquisitions and seasonal
changes in vegetation cover affected DAP derived DTM error, and consequently describe
structural conditions where DAP is successful or limited for providing high quality forest
inventory information.
4.2

Materials and methods
The methodology of this chapter can be broken down into three steps: photogrammetry

processing, point cloud processing, and time series analysis. Figure 11 displays a
conceptual workflow of the followed methodology. First, UAS imagery from twenty
acquisitions were processed to generate photogrammetric point clouds. DAP point cloud
outputs were then processed to generate DTM layers for each flight acquisition. Finally, a
time series DTM analysis was conducted to determine error variability and its relationship
with timing of imagery acquisitions. Summary error statistics were derived to outline error
variability and illustrate the power of multi-temporal DAP data acquisitions, while a best
available terrain pixel (BATP) compositing analysis, which helped to outline the
importance of flight acquisition dates was conducted to produce a best possible multitemporal terrain product.
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Figure 11: Methodological flow chart of photogrammetric processing, point cloud processing, and time
series DTM analysis.

4.2.1

Study area
The study area is located on a 25 ha forest stand north of Edmundston, New

Brunswick, Canada (Figure 12). The site is located in the central uplands ecoregion,
specifically the Madawaska eco-district (47°27’04.29” N 68°06’09.65” W). This region is
over 90% forested, being characterized by gently rolling terrain with a largely southern
aspect. Mean elevation is 323 m above sea-level, receiving on average 475-525 mm of rain
from May to September (Hébert, 2016). Forest cover in the region is predominantly
hardwood dominated, comprised of sugar maple (Acer saccharum), yellow birch (Betula
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alleghaniensis), and beech (Fagus spp.). Scattered and pure softwood stands also exist,
being comprised of balsam-fir (Abies balsamea), as well as red (Picea rubens) and white
spruce (Picea glauca) (Hébert, 2016). This area has a longstanding history of forest
management from a variety of private, public, and research-based institutions (Central
Uplands Ecoregion, 2013). The site itself is deciduous dominated with multi-age cohorts of
balsam fir, red and white spruce, yellow birch and sugar maple. Stem density was spatially
variable with a mean of approximately 50 juvenile (1-20 year old) stems per hectare.

Figure 12: Study area on (a) 2017-05-25, (b) 2017-06-27, and (c) 2017-09-15, displaying the sparsely
forested site used for DTM analysis and road validation area. The smaller, upper-most portion of the
low cover forest area is comprised of short understory regeneration, while the larger section is sparsely
forested with approximately 50 stems per hectare of juvenile mixed wood. Imagery used was acquired
using a Sequoia multi-spectral camera and is displayed in a false colour composite of near infra-red,
red, green.

4.2.2

Data
Twenty imagery acquisitions were performed using a senseFly eBee UAS with a

Sequoia multi-spectral camera (Pix4D, 2018a). Average along- and across-track overlaps
were 85% and 80% respectively. Imagery were acquired between September 2016 and
December 2017 (Table 1). The Sequoia camera is comprised of 4 monochrome sensors
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(green: 530-570 nm, red: 640-680 nm, red edge:730-740 nm, and near-infrared: 770-810
nm), a RGB composite sensor, and an external sunlight sensor placed on top of the UAS to
capture sun angle from nadir and irradiance for each image during flights (Stroppiana et al.,
2018). Acquisitions followed a standardized procedure, where images of radiometric targets
were taken prior to aerial imaging missions, and a systematic gridded flight pattern was
used for efficient imagery capture. Table 1 provides details related to individual flights as
well as DAP point density following image post-processing. Kruskall-Wallis rank sum tests
were performed on mean flight elevation and mean ground sample distance to determine
whether there were significant differences amongst imagery acquisition parameters. Flight
acquisitions took place when no snow coverage was present, except for 2017-12-04 (day of
year 338), where snow coverage was negligible.
A reference ALS data set with an average density of 18.5 points m-2 was used.
These data were acquired by the Government of New Brunswick as a part of their province
wide 2017 ALS acquisition campaign. Acquisition of ALS data over the study area was
conducted between 2017-06-12 and 2017-06-13.
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Table 1: Imagery acquisition dates and corresponding mean flight altitude (above ground level), mean ground sample distance, mean sun angle from nadir, and mean
DAP point density.
Acquisition
date
2017-05-25
2017-05-28
2017-06-07
2017-06-27
2017-07-05
2016-08-03
2016-08-24
2017-08-29
2016-09-07
2017-09-08
2017-09-15
2016-09-21
2017-09-22
2016-09-29
2017-10-02
2016-10-20
2017-10-23
2016-10-27
2016-11-10
2017-12-04

Day of
Year
145
148
158
178
186
216
237
241
251
251
258
265
265
273
275
294
296
301
315
338

Mean flight altitude
(m)

116.2
102.2
116.1
114.7
113.4
102.5
101.6
99.9
104.0
102.1
101.1
110.0
102.7
116.5
101.0
102.6
102.6
105.8
102.6
100.3

Mean GSD
(cm)
13.5
12.1
13.2
13.4
13.3
12.2
12.4
12.1
12.6
12.2
12.0
12.9
12.2
13.9
11.9
12.6
12.3
13.1
12.6
12.4

Mean sun angle
(°)
71.2
68.3
45.7
54.0
58.4
68.7
72.4
67.0
71.8
64.9
73.8
68.9
67.4
75.8
74.4
82.7
58.3
72.9
73.3
74.5

Mean DAP density
(pts/m2)
25.4
31.0
23.0
26.6
39.8
23.8
24.6
33.4
22.9
33.3
35.0
25.8
32.5
20.8
29.0
22.7
30.6
26.0
27.4
27.4

61

4.2.3

Photogrammetric processing
UAS-acquired multi-spectral imagery were photogrammetrically processed to

produce dense point cloud products using Agisoft Photoscan (Agisoft, 2018). Images were
aligned, radiometrically calibrated using pre-flight target images, and optimized using
inertial measurement unit and global navigation satellite system/GPS measurements.
Following imagery alignment, conjugate tie-points between image pixels were then
generated for locations with two or more overlapping images. Dense point cloud processing
was then conducted at the original image scale to produce high quality and density point
cloud outputs. Point cloud products were exported following densification for point cloud
processing. Orthoimagery for each flight acquisition were generated and exported as
auxiliary datasets (Figure 11).
4.2.4

Point cloud processing
In order to derive accurate DTM information from each point cloud, multi-temporal

DAP and the ALS reference point cloud were processed using LAStools (Isenburg, 2018).
Raw point clouds were first tiled using “lastile” (parameters: tile_size = 50, buffer = 25)
and filtered to remove noise using “lasnoise” (parameters: step_z = 1, isolated = 10) (Figure
11). Points were then classified into ground or non-ground classes using the progressive
triangulated irregular network (TIN) densification algorithm implemented in “lasground”
(parameters: step = 10m, bulge = 0.05), which gradually removes non-ground points based
on elevation differences and angles to the nearest TIN section to iteratively estimate ground
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surface (Isenburg, 2018; Meng et al., 2010; Mohan et al., 2017). The ALS point cloud was
used to co-register DAP point clouds using the iterative closest point algorithm (Besl and
McKay, 1992). Iterative closest point alignment was used rather than ground control targets
due to lack of target data for each flight acquisition. Classified and co-registered point
clouds were then used to generate 0.5 m DTM layers using the “las2dem” (parameters: step
= 0.5, kill = 2) algorithm (Isenburg, 2018). A 2 m interpolation distance was used for DAP
derived DTMs to limit potential interpolation error. Errors between the reference ALS
DTM and DAP derived DTMs for each flight acquisition were computed at the pixel level
and then aggregated for the area of analysis.
A 15 cm height threshold was used to compute vegetation cover (proportion of
points above threshold) at 2 m resolution for each DAP point cloud to capture seasonal
variability and enable potential linkages between DTM error and above ground vegetation
cover. The road within the study area (Figure 12) was used to validate the accuracy of the
DAP derived DTMs without the influence of vegetation or obstruction. Statistical error
summaries for the mean, standard deviation, and range of error were computed for each
acquisition. Proportional coverages of the DAP derived DTMs compared to the ALS
ground truth were calculated to outline whether image acquisition timing had an influence
on overall DAP derived DTM coverage as well as error.
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4.2.5
4.2.5.1

Time series analysis
Generalized additive mixed models
Mean vegetation cover, mean error, and proportional DAP derived DTM coverage

were summarized and related to the acquisition day of year using generalized additive
mixed models (GAMM) built in the ‘MGCV’ package (Shadish et al., 2014; Wood, 2011).
The GAMM model was chosen due to its proven ability to detect and describe whether a
trend exists between two variables, and if so, its linear or non-linear shape (Shadish et al.,
2014; Zuur et al., 2009). These models are well suited for analyzing the functional
relationship between variables within a single-case design such as the DTM error in a
single location over time (Shadish et al., 2014). Single case designs, such as the study area
used in this analysis serve as their own control, allowing for the effective evaluation of
changes over time. The key advantage of these models over other conventionally applied
parametric regression methods is that the researcher does not need to know the model’s
functional form a-priori, which is performed by the model internally. Given that the form is
rarely known a-priori with confidence, GAMMs provide a means to solve this problem in a
statistically sound manner. For further inquiry, Shadish et al. (2014) provide an in-depth
overview of the application of GAMMs. GAMMs utilize cubic regression splines to
estimate nonlinear associations between dependent and independent variables (Rickbeil et
al., 2017; Zuur et al., 2009). To account for potential variation, the year of imagery
acquisition was incorporated as a random factor. Individual models (Equation [1) were

64

constructed with a smoothing term between the day of year of imagery acquisition and the
mean error, mean vegetation cover, and proportional DAP derived DTM coverage. Models
were assessed by the significance of the smoothing term (p > 0.05), which were internally
chosen using a restricted maximum likelihood approach (Shadish et al., 2014; Wood,
2011).
𝑔(𝐸(𝑌)) = 𝛼 + 𝑓1 (𝐷𝑎𝑦 𝑜𝑓 𝑦𝑒𝑎𝑟)𝑖 × 𝑓2 (𝑥)𝑖 + 𝜀𝑖

[1]

Where 𝐸(𝑌) denotes the expected value, 𝑔(𝑌) denotes the link function, and 𝑥 is
either mean vegetation cover, mean error, or proportional DAP derived DTM coverage. α is
the intercept, 𝑓1 and 𝑓2 are spline functions and 𝜀 represents the model error term.
4.2.5.2

Best available terrain pixel compositing
A BATP composite was generated using DTM error rasters. To do so, an iterative

algorithm was created, which incorporated all available DTM error rasters to spatially
select minimum error pixels. These pixels, with reference to the day of year of imagery
acquisition, were labelled as the BATPs. This process produced a DAP derived terrain with
the lowest possible overall error as well as reference to which acquisition donated each
BATP.
4.3
4.3.1

Results
DTM summary and validation
Kruskal-Wallis rank sum tests on mean flight altitude and ground sample distance

(Table 1) indicated that means were not significantly different from one another (p > 0.05).
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Road DTM validation analysis indicated that DAP derived imagery acquisitions were
capable of producing highly accurate DTMs in open areas regardless of acquisition timing
(Table 2). Mean, standard deviation, and range of DTM error were found to fluctuate with
acquisition timing (Figure 13, Figure 14, Table 2). Day of year 338, the only acquisition
with snow cover, was found to have a comparatively high range of DTM error compared to
other acquisitions.
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Figure 13: Visualized error (m) for each DAP derived DTM listed by day of year relative to the
reference ALS DTM. Grey colour indicates the full extent of the reference DTM.
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Figure 14: Boxplots of DTM error by day of year, coloured by acquisition year.
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Table 2: Summary statistics of the differential error per flight for the entire study site as well as only the road validation section of the analysis.
Study Area only
Date

Road validation only

Day of

Mean error

Standard deviation

Range of

Mean vegetation

DAP DTM

Mean validation

Standard deviation of

year

(m)

of error (m)

error (m)

cover (%)

coverage (%)

error (m)

validation error (m)

2017-05-25

145

0.04

0.15

1.41

33.50

60.20

-0.02

0.06

2017-05-28

148

0.00

0.16

1.58

43.22

50.94

0.00

0.06

2017-06-07

158

0.01

0.15

2.28

48.26

41.75

0.01

0.06

2017-06-27

178

-0.17

0.23

1.28

47.85

45.29

0.03

0.07

2017-07-05

186

-0.12

0.22

2.55

66.67

23.47

0.02

0.11

2016-08-03

216

-0.41

0.38

1.96

45.29

52.54

-0.01

0.08

2016-08-24

237

-0.35

0.36

1.55

54.73

38.07

0.00

0.08

2017-08-29

241

-0.27

0.28

1.37

55.06

35.84

0.00

0.07

2016-09-07

251

-0.37

0.36

1.55

53.61

44.16

-0.01

0.08

2017-09-08

251

-0.33

0.32

1.59

52.06

44.19

0.00

0.08

2017-09-15

258

-0.27

0.29

1.39

49.29

44.43

0.01

0.07

2016-09-21

265

-0.28

0.31

1.54

52.03

40.91

0.01

0.08

2017-09-22

265

-0.18

0.23

1.37

48.59

42.03

0.04

0.07

2016-09-29

273

-0.25

0.29

1.87

48.33

44.20

0.03

0.09

2017-10-02

275

-0.24

0.28

1.63

55.85

37.07

0.00

0.09

2016-10-20

294

-0.08

0.21

1.65

55.48

24.92

0.01

0.08

2017-10-23

296

0.02

0.16

1.47

37.62

56.35

-0.01

0.05

2016-10-27

301

0.02

0.18

1.50

37.08

55.91

-0.02

0.07

2016-11-10

315

0.01

0.13

1.28

28.56

70.19

-0.06

0.05

2017-12-04

338

0.04

0.19

2.01

32.86

60.68

-0.11

0.10
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4.3.2

Generalized additive mixed models
GAMMs with statistically significant smoothing terms were generated for mean

vegetation cover (Figure 15 (a); edf = 3.074, F = 6.604, p = 0.003) and mean error (Figure 15
(b); edf = 5.483, F = 38.3, p = 0.001). The maximum mean vegetation cover was predicted to be
54% on day 216, while a minimum of 30% was predicted on day 340 (Table 2). The maximum
mean error was predicted to be -0.35 m on day 227, while the minimum was predicted as 0.00 m
on day 148. Acquisitions between days 178 to 281 were predicted to have mean DTM errors
greater than 0.15 m, which corresponded to mean vegetation cover greater than 47%. Mean
vegetation cover (Figure 15 (a)) was found to mimic the temporal trend of mean DTM error
(Figure 15 (b)). A significant (p > 0.05) positive relationship between vegetation cover and DTM
error found that DTM error increased by approximately 0.03 m for every 10% increase in
vegetation cover. The GAMM model for proportional DAP coverage (Figure 15 (c); edf = 2.463,
F = 3.105, p = 0.059) was not significant however, did indicate a potential relationship with
mean vegetation cover. Two outliers (Figure 15 (c)), days 186 and 294, were found to strongly
influence the significance of this model.
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Figure 15: Generalized additive mixed models for (a) vegetation cover, (b) mean error, and (c) proportional
DAP coverage. Solid smoothed lines indicate the fitted GAMM models and dashed lines indicate standard
error bounds. Green backdrop from day 178 to 281 indicate locations where mean DTM error exceeded 0.15
m.

4.3.3

Best available terrain pixel compositing
A DAP derived BATP DTM (Figure 16 (a)) had a mean error of 0.01 m, a standard

deviation of 0.14 m (Figure 16 (b)), and a relative spatial coverage of 86.3% compared to the
reference ALS DTM. Locations with no data were found to have 100% vegetation cover for all
acquisitions. Figure 16 (c, d) indicate that all flight acquisitions provided pixels to the BATP
DTM. Data acquired in early spring, late-fall, and early-winter (145, 148, 158, 178, 296, 301,
315, 338) were the most represented donors for compositing. The day 315 acquisition provided
the highest proportion (19.3%) of total donor pixels to the BATP analysis, while day 241
provided the least (0.80%).
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Figure 16: Results of the best available terrain pixel analysis including (a) the optimal DTM, (b) composite
error map, (c) donor pixel map, and (d) cumulative donor pixel frequency indicating the days of year with the
least to highest frequency of donated pixels. Light grey colour indicates the full extent of the reference DTM,
delineating areas with consistent 100% vegetation coverage.

4.4

Discussion
This study utilized a multi-temporal UAS imagery dataset to create DAP point clouds and

assess their accuracy for generating DTMs in a low cover, deciduous dominated forested site.
Timing of acquisition was found to significantly influence mean DTM error. Error was shown to
increase in summer months following a concurrent increase in mean vegetation cover. Although
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the GAMM model for proportional DAP DTM coverage was not significant, linkages between
increases in mean vegetation cover and consequent decreases in DTM coverage are logical, and
should be investigated further. Acquisitions in early-spring, prior to leaf-on and seasonal shrub
layer growth, or in late-fall and early-winter following senescence, were found to have lower
error, and increased coverages of DTMs. This finding provides insight into the influence of
phenological cycles on the ability for DAP to characterize the ground surface in open forested
settings, providing managers with optimal windows to acquire imagery for the purposes of
minimizing DAP derived DTM error. Results indicate that the use of UAS-DAP derived DTMs
in low cover areas is entirely possible, but that as vegetation coverage increases it is expected
that DTM error will also increase.
Our results found that an increase in 10% vegetation cover (up to the maximum of 54%
witnessed in this study) was on average found to increase DTM error by 0.03 m. Increasing
levels of vegetation coverage therefore correspond to increases in DAP derived DTM error.
These results detail that the acquisition of DAP derived DTMs should ideally be planned for
early-spring, late-fall, and early-winter periods. Portions of the BATP composite with missing
data outline that DAP can be limited in characterizing terrain even in leaf-off conditions. This
finding challenges the managerial assumption that the characterization of terrain occluded by
deciduous vegetation using DAP can be improved when acquired in leaf-off conditions.
Coniferous coverage continues to pose challenges to deriving DTMs using DAP. For this reason,
it may be advisable for managers to target stands during early stages of succession to reduce
ground occlusion from coniferous vegetation (Goodbody et al., 2017a).
Results from this chapter confirm that UAS-DAP has potential to produce accurate
DTMs in low cover deciduous stands that are comparable to conventional ALS acquisitions. As
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opposed to traditional methods of acquiring imagery from manned aircraft, a forest manager
using UAS has precision control of where and when imagery is acquired on their land base, as
well as tune acquisition parameters such as spatial resolution to best meet management needs
(Colomina and Molina, 2014; Šedina et al., 2017; Singh and Frazier, 2018). Until the relatively
recent emergence of commercially available high-performance UAS, the ability to acquire user
defined datasets at ultra-fine scales was economically and logistically challenging, limiting
multi-date acquisitions. This chapter provides evidence that multi-date acquisitions offer
information about how DAP point clouds are able to characterize terrain through seasons and
how multiple acquisitions can be consolidated produce a more comprehensive terrain data set.
The use of DAP points clouds for local operational scale forest inventories has several
advantages over conventional ALS approaches. Firstly, DAP is able to provide both spectral and
structural information from a single imagery acquisition that enhance forest inventory data sets
(Goodbody et al., 2018a). Secondly, despite a rapid growth in the adoption of ALS technology,
ALS data is not broadly available for all forested lands globally, often due to cost restrictions.
While jurisdictions such as the Province of New Brunswick, Canada aim for full coverage by the
year 2019, re-acquisition cycles are not yet determined and will likely not occur for at least 10
years following completion. While these landscape level data sets are an invaluable
interdisciplinary resource, single acquisitions do not provide temporal depth needed for shortterm change detection, monitoring, and inventory updating.
In contrast, DAP acquisition campaigns, especially when acquired using UAS, can be
quickly planned and deployed for small areas, providing means to spatially, spectrally, and
structurally update inventories as a result of natural forest dynamics such as growth over time
(Goodbody et al., 2017b, 2017a; Guerra-Hernández et al., 2017), wind-throw (Mokroš et al.,
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2017), fire events (McKenna et al., 2017), or anthropogenic treatments such as harvesting
(Goodbody et al., 2016). A synergistic framework where landscape level ALS data (where
available) is used as a baseline, followed by incremental updates using UAS-DAP acquisitions
could provide the best possible, near real-time EFI data available for operational forest
management. The continual acquisition of these data at user defined scales will facilitate
opportunities for ecosystem-based-management approaches where policy and decision making
can be systematically evaluated, and improved along-side data acquisition.
Research into the potential to utilize methodologies from this chapter for the purposes of
creating DTMs in recently harvested areas could provide a means to establish frameworks for
baseline structural inventories in areas without ALS coverages. The creation of DAP inventory
baselines would help to promote the utility of acquiring multi-temporal UAS imagery of forests
through succession, providing useful information related to regeneration success (Goodbody et
al., 2017a), improved knowledge of tree growth rates in under-represented age and structural
classes, and improve structural, spectral, and spatial knowledge of forest development through
time at a wall-to-wall level. This would be especially useful in fast growing highly productive
regions, or in plantations where accurate quantitative inventory data related to growth and
structural change are desired.
An assumption in this terrain analysis was that the reference ALS DTM was static in
time. This meant that incremental changes to the road surface and vegetation, which are expected
to occur over the duration of the analysis, were not factored into the analytical process. This was
largely due to the cost and infeasibility of acquiring repeat reference ALS datasets, and to
provide analytical consistency. A single reference DTM also facilitated the use of the iterative
closest point algorithm for point cloud alignment, rather than rely on ground control targets,
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which were not consistently available during data acquisition. Future analyses should attempt to
include consistent ground control targets, and potentially introduce multiple reference DTMs to
account for incremental changes to features such as road surfaces.
4.5

Conclusions
This chapter indicated that DAP point clouds acquired over low vegetation cover,

deciduous dominated stands were capable and accurate at creating DTMs comparable with a
reference ALS DTM. These results were validated by comparing DTMs over an unobstructed
road within the study area. Generalized additive modeling indicated that imagery acquisition
timing was shown to significantly influence derived DTM error, and that acquisitions in spring,
late-fall, and early-winter were most accurate. A best available terrain analysis, which utilized all
imagery time-steps to generate a best-possible DAP derived DTM, reinforced this finding,
indicating that best available pixel donations were proportionally highest within these seasonal
periods. This confirmed that seasonal vegetation differences affected the performance of DAP
for producing DTMs, providing managerial insight into the applicability of acquiring structural
data for the purposes of producing DTMs in open areas. These results are form a promising
foundation for the analysis presented in the following chapter that looks to determine the
effectiveness of DAP data for structurally and spectrally characterizing post-harvest
regeneration.
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Chapter 5:

Assessing the status of forest regeneration using digital aerial
photogrammetry and unmanned aerial systems4

5.1

Background and motivation
As I outlined in the previous chapter, opportunity exists for the integration of DAP to

characterize young forests and integrate these data into EFI frameworks. When managing postharvest stands, data content, quality, and surveying cost-effectiveness are of particular interest.
Although natural regeneration is the most economical means of re-establishing forests following
harvest or disturbance in Canada, artificial regeneration through seeding, dragging, and planting
remains an integral part of forest management (Natural Resources Canada, 2016). Natural
regeneration approaches require little to no human involvement, follow ecosystem-based
management approaches, and offer substantial short-term reductions in silvicultural costs
(Duryea, 2000). Although natural regeneration is effective, estimating certain parameters, such
as species composition is difficult, while silvicultural treatments such as fill planting or thinning
may be needed to meet mandated density and stocking regulations (Pitt et al., 1997). In order to
reduce unanticipated long-term silvicultural costs incurred from natural regeneration approaches,
artificial regeneration efforts are often conducted (Duryea, 2000; Minore and Laacke, 1992).
To monitor the efficacy of artificial regeneration efforts, silvicultural surveys are
conducted on crown land in British Columbia (BC), Canada each year. Silviculture surveys are

4

The content of this chapter has been adapted from:
Goodbody, T.R.H., Coops, N.C., Hermosilla, T., Tompalski, P., Crawford, P., (2017). Assessing the status of forest
regeneration using digital aerial photogrammetry and unmanned aerial systems. Int. J. Remote Sens. 39, 5246–5264.
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generally focused on three stages of regeneration: initial regeneration success, intermediary
stocking status, and free-growing status (MFLNRO, 2016). Each of these surveys is conducted to
spatially sample regeneration at a local scale in order to assess the success and status of
regeneration stock, determine density and species composition, and outline whether these
parameters are in accordance with management and silvicultural reporting obligations (Fiorella
and Ripple, 1993). These surveys serve multiple purposes acting to compile information needed
to develop, apply, and monitor silvicultural management scenarios, conduct resource stocking
analyses, act as auditing tools, monitor compliance with silviculture prescriptions, and provide
input data for growth projection models. Silviculture surveys are the most common type of
sampling survey conducted on crown land annually. Survey results are used to plan treatments,
conduct inventory analyses, perform audits, and monitor silviculture prescription compliance.
These sampling surveys, which vary in intensity, plot size, and sampling methodology exceed
coverage of over one million hectares in BC alone (MFLNRO, 2016). Although inexpensive
when compared to other ground-based sampling such as timber cruising, the vast scale and
coverage of surveys being conducted indicates a high annual expenditure for silviculture
inventories.
Although survey-based inventories provide a relatively accurate estimation of
regeneration, managers still lack, and would greatly benefit from, information related to the
spatial coverage, physical location, and structural characteristics of regenerating stock (Franklin,
2001). One way to fill this information gap would be to use high resolution spatial and temporal
imagery (King, 2000; Pitt et al., 1997). Previous success in using UAS to provide rapid, lowcost, and accurate high spatial resolution imagery in other forest management and inventory
areas promotes their incorporation into the regeneration inventory process (Goodbody et al.,
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2017). Very high spatial resolution UAS acquired imagery could provide forest managers with
detailed information related to the spatial distribution of regeneration across their land base,
while also providing spectral information that could improve classification of land cover and
qualitative and quantitative inventory knowledge. To compliment orthoimagery, the relatively
recent proliferation of DAP techniques have proven effective in providing managers with stand
structure information, while establishing a baseline for multi-temporal regeneration monitoring.
In this chapter, I examine the utility of high spatial resolution UAS acquired imagery and
DAP point clouds for spatially, structurally, and spectrally detailing forest regeneration on two
contrasting sites. To do so, I develop a methodology which includes a supervised classification
framework similar to those utilized for broad scale land-cover classification in Canada (Powers
et al., 2015), to facilitate differentiation of coniferous, deciduous, and bare ground cover in
regenerating stands of differing ages. A second processing stream utilizes the overlap between
high spatial resolution images to apply DAP approaches to build 3D data for describing
regeneration structure. The overall goals of this study are to provide a framework for forest
regeneration monitoring that can be applied at temporal and spatial scales that best inform
precision forest management and inventory knowledge.
5.2

Study sites
Two sites in BC near Nakusp and Quesnel were selected for field regeneration

measurements (Figure 17; MFLNRO, 2016). Three previously clear-cut stands approximately 5,
10, and 15 years since planting (YSP) were chosen at each site. Stands similar in size, planted
species, and terrain characteristics were prioritized. All stands had yet to be declared free-togrow (MFLNRO, 2016) and had not reached crown closure.
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The first study site was 80 km south of Nakusp, BC. The three selected stands were
planted to achieve a minimum of 1200 stems per hectare and had a total area of 52.4 ha. Stands
in this site were located in the Interior Cedar – Hemlock biogeoclimatic ecosystem classification
zone. The Interior Cedar – Hemlock is the most productive zone for fibre production in the
interior of BC (Ketcheson et al., 1991). Forests are comprised of a mix of conifers including
Douglas-fir (Pseudostuga menzieszii var. glauca), western larch (Larix occidentalis), western
white pine (Pinus monticola), lodgepole pine (Pinus contorta), Engelmann spruce (Picea
engelmannii), and white spruce (Picea glauca). Drivers of composition in particular sites are
longitude, aspect, elevation, and precipitation. Given its location within BC’s interior mountain
ranges, forested sites are often found on steeply sloping terrain. Mean annual temperatures range
from 2.0°C to 8.7°C, and mean annual precipitation ranges from 500 to 1200 mm, with 25 – 50
% falling as snow (Ketcheson et al., 1991).
The second study site was 150 km east of Quesnel, BC. The three selected stands were
planted to achieve a minimum of 1800 stems per hectare and had a total area of 66.4 ha. These
stands were located in the Sub-Boreal Spruce biogeoclimatic ecosystem classification zone.
Forests in this zone are dominated by lodgepole pine and hybrid spruce (Picea engelmannii x
glauca). Generally occurring in valley bottoms, terrain is gently rolling with mountainous
boundaries to the west, north, and east. The Sub-Boreal Spruce has a continental climate with a
mean annual temperature below 0°C for 4-5 months of the year, and above 10°C for 2-5 months.
Mean annual precipitation ranges from 440 to 900 mm with 25 – 50% falling as snow
(Meidinger et al., 1991).
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Figure 17: Upper section: study area map detailing locations of Nakusp and Quesnel within British
Columbia, Canada (a); Aeryon SkyRanger UAS used for imagery acquisition (b); example plot centre
delineated with red spray-paint (c). Lower section: Quesnel stands 5 years since planting (YSP) (d), 10 YSP
(e), and 15 YSP (f) and Nakusp stands 5 YSP (g), 10 YSP (h), and 15 YSP (i). Plot locations within each stand
are delineated by black points.

5.3

Methods
In order to accurately classify forest cover on both sites the following methodology was

employed (Figure 18). Field plots were first located, demarcated, and measured (Figure 17 (c)).
Wall-to-wall UAS imagery was then acquired, followed by orthoimagery and generation of a
DAP point cloud. Image layer stacks including UAS RGB imagery, visible vegetation indices
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(VVI), and DAP canopy height models (CHM) were computed. An object based image analysis
(OBIA) was then performed (Blaschke, 2010). The OBIA methodology included image
segmentation, descriptive attribute extraction, and supervised classification. Analysis was then
performed on classified objects to illuminate structural, spectral, and temporal trends. Further
description and definition of objects and the OBIA methodology can be found in Ruiz et al.
(2011).
5.3.1

Field measurements
Regeneration data were collected in circular 50 m2 (3.99 m radius) plots. Plots were

divided into four quadrants delineated with hi-visibility red spray-paint (Figure 17 (c)).
Locations of the plot centers were averaged using a handheld Garmin GPSMAP 64s. Starting
from quadrant 1 in a counterclockwise direction, all coniferous trees were tallied noting quadrant
number, species, visual health (Good, Moderate, Poor), and stem density (High, Moderate, Low).
Stem density in this context refers to the number of stems per quadrant. Artificial regeneration in
BC is generally planted to densities between 400-1600 stems per hectare (MFLNRO, 2016).
Level of deciduous competition inhibiting coniferous growth was visually evaluated (High,
Moderate, Low), and species was also noted for each quadrant. Tree height and average crown
diameter were recorded for a representative tree in each plot. Crown diameter was recorded by
measuring the major axis of the tree at the base of the crown, then measuring the minor axis
perpendicular to the initial measurement.
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Figure 18: Flow diagram detailing the methodological process used for field sample and imagery data
acquisition, OBIA and classification, and structural, spectral, and temporal analysis. Graphical
representation of RGB, visible vegetation indices, and canopy height model layer stack with UAS acquired
imagery of a 3.99m radius sample plot in the Nakusp site on 13 June 2016 with red X plot centre demarcation
(a), segmented object product of same layer stack with zoom inset (b), and final classified objects (c).

5.3.2

UAS data acquisition
High spatial resolution imagery for each stand was acquired using a vertical take-off and

landing Aeryon Sky Ranger UAS, weighing approximately 2 kg (Figure 17 (b)). All flights were
completed within a week of field data collection (Nakusp: June 13-17, 2016; Quesnel: June 2630, 2016) between 9am to 4pm local time under clear sky conditions. Acquired imagery was
taken using a 16-megapixel SUNEX MT9F002 RGB sensor fitted to a 3-axis stabilized gimbal to
maintain nadir image capture. Flights were pre-programmed in a grid pattern with reference to
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terrain elevation to maintain flight elevations of approximately 100 m above ground, and to
ensure along- and across-track overlap of approximately 85% and 70% respectively. Robust
gyroscopic stabilization software was used to ensure the highest quality image capture and data
integrity. All imagery was georeferenced, and assigned inertial measurement unit corrections.
Average GSD was approximately 2.4 cm. The number of images acquired and the total flight
duration depended on stand area.
5.3.3

Point cloud processing
Acquired UAS imagery for each stand were compiled for DAP point cloud and

orthoimagery production using Pix4D software (Pix4D, 2018b). Images were aligned and
optimized using in-flight inertial measurement unit and global navigation satellite system/GPS
measurements, followed by conjugate tie-point pixels being matched in overlapping images.
Orthoimagery generation for each stand were generated post-alignment. Dense DAP point clouds
were then produced with an average density of 168.9 ± 57.1 points m-2. Horizontal and vertical
accuracies of the DAP point clouds were ± 6 cm and 9 cm respectively (Goodbody et al., 2017).
Point clouds were classified into ground and non-ground points using LAStools point cloud
processing software (Isenburg, 2018). Ground points were used for normalization and DTM
creation, while surface models were produced from points with maximum heights. Pit-free
CHMs with a 5 cm resolution were produced following methods presented in Khosravipour et
al., (2014). Following structural metric extraction, maximum plot height from the DAP data was
compared with the representative field measured height to determine the correlation between
datasets.
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5.3.4

Image processing
To reduce the influence of atmospheric effects on image segmentation and classification,

normalized and atmospherically resistant VVI were produced. The VVI selected were those that
utilize visible wavelengths, such as the normalized green red difference index (NGRDI; Equation
2), visible atmospherically resistant index (VARIg; Equation 3), and green leaf indices (GLIx;
Equation 4; (Hunt et al., 2012). These VVI’s were chosen as they have been shown to provide
informative spectral products in the visible spectrum that help to limit the influence of
atmospheric variation such as shadowing over the course of an imagery acquisition (Hunt et al.,
2012). These indices have shown strong linear relationships with percent cover of vegetation.
The indices were computed from the UAS imagery, after which OBIA was performed
independently for each stand. The OBIA included segmentation, descriptive attribute extraction,
and classification.
𝑅g − 𝑅r
𝑅g + 𝑅r

[2]

𝑅g − 𝑅r
𝑅g + 𝑅r − 𝑅b

[3]

2 𝑅g − 𝑅r − 𝑅b
2 𝑅g + 𝑅r + 𝑅b

[4]

NGRDI =

VARIg =

GLIx =

Where 𝑅r , 𝑅g , and 𝑅b are the digital numbers for red, green, and blue channels respectively.
5.4
5.4.1

Object based image analysis
Segmentation
Image segmentation is conducted to create objects with homogenous and independent

data properties. Segmentation was performed using the NGRDI, VARIg, and GLIx spectral
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indices. Image objects were produced using the automated two-step ‘watershed by immersion’
segmentation algorithm (Powers et al., 2015; Vincent et al., 1991). This algorithm first outlines
object edges by applying Sobel edge detection (Sobel and Feldman, 1968). Edges are delineated
using a bi-directional convolution mask that produces a gradient magnitude image where the
highest pixel values indicate areas with the highest pixel contrast. The watershed algorithm was
then used to sort pixels by gradient value, and consequently ‘flood’ the image to produce pixel
segments with similar intensities. To avoid issues with over-segmentation, the spectral
composition of neighboring objects were analyzed and objects found to have similar spectral
composition were merged using the full-schedule lambda methodology (Robinson et al., 2002).
Objects were iteratively merged if their merge cost was less than a pre-established cost threshold,
determined using spectral and spatial variables such as band intensity metrics and distance
between segments. The segmentation and merging stages of the ‘watershed by immersion’
algorithm can be fine-tuned using scale-level and merge-level parameters. Variation of these
inputs determines the overall shape and size of produced objects.
5.4.2

Descriptive attribute extraction
The purpose of attribute extraction is to derive meaningful object parameters that can be

used to discriminate amongst classes and illuminate within class trends. Descriptive spectral and
textural attributes were generated for each object. At this stage of the analysis, the CHM from
each stand was incorporated as a structural image band. Statistics, including the minimum,
maximum, range, mean, mode, and standard deviation, were computed for the original RGB
bands, as well as the NGRDI, VARIg, GLIx, and CHM bands. Textural attributes such as the
mean, range, variance, and entropy (arrangement of spectral data) were also computed (Ruiz et
al., 2011). These attributes detail how intensity values were spatially distributed within each
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object. Geometric attributes that describe the shape and dimension of objects such as length,
compactness, and shape index were computed, but were not included in the classification
process. Geometric attributes were discarded largely because segmentation objects were similar
in size, shape, and elongation. Eighty-six descriptive metrics were produced during the attribute
extraction process.
5.4.3

Classification
Within plot and quadrant composition from ground sampling facilitated the allocation of

representative training objects via photo-interpretation. Knowledge of the vegetative composition
within each plot quadrant improved the reliability of accurate supervised sample collection. An
average of 1578 automatically segmented training sample objects were chosen from each stand
(Table 3 and Table 4). Following representative training object delineation, a supervised
classification utilizing objects of known cover types was performed to differentiate segmented
objects into conifer, deciduous, or bare ground classes. To do this, the Random Forest classifier,
which uses decision trees based on a random subset of training samples as well as a random
samples of descriptive metrics, was used (Breiman, 2001). In Random Forest each individual tree
allocates votes towards a particular class while evaluating variable importance in its class
attribution. Objects being classified are then ascribed the class that has the highest proportion of
votes from each tree (Powers et al., 2015). The number of votes received for each class is used as
a means of evaluating the attribution confidence. Multi-collinearity of all metrics was assessed
prior to classification to remove potential negative effects on the distribution and results. One
metric from groups of highly correlated variables (Pearson’s r > 0.7) were used in the analysis
(Hermosilla et al., 2015a).
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Table 3: Total number of samples for each class within each classification along with mean and standard
deviations within and among classifications for the Nakusp Site.
Class
Years since planting
(YSP)
Conifer
Deciduous
Ground
Mean
Standard deviation
5
106
1368
279
584
684
10
615
369
185
390
216
15
1666
369
185
740
807
Mean
796
702
216
Standard deviation
796
577
54
Table 4: Total number of samples for each class within each classification along with mean and standard
deviations within and among classifications for the Quesnel Site.
Class
Years since planting
(YSP)
Conifer
Deciduous
Ground
Mean
Standard deviation
5
671
1599
486
919
596
10
533
330
103
322
215
15
1191
1338
494
1008
451
Mean
798
1089
361
Standard deviation
347
670
223

5.4.4

Classification assessment and attribute analysis
Confusion matrices detailing the overall, user, and producer accuracies were computed

for all supervised classifications. Overall accuracy was computed using the out-of-bag error
estimate (Breiman, 1996). Individual classifications were performed for each stand in order to
reduce negative influences of solar irradiance and atmospheric shadowing variability within and
among UAS flights. Objects were grouped by forest cover class and YSP of the stands within the
sites facilitating independent wall-to-wall statistical analyses of structural and spectral attributes.
5.5
5.5.1

Results
Field measurement analysis
A Spearman’s correlation was performed to assess the relationship between

representative field measured height and the maximum height from DAP point cloud plots. A
strong, statistically significant correlation was found, rs = 0.91, p <0.01 (Figure 19).
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Figure 19: Scatter plot detailing the Spearman’s correlation (rs) between field measured representative height
(m) and the maximum height from DAP plot point clouds. Solid diagonal represents the 1:1 line.

5.5.2

Forest cover classification
The highest overall forest cover classification (conifer, deciduous and ground) accuracy

of 95.6% was achieved in the 5 YSP stand at the Quesnel site. Commission errors were highest
in the 5 YSP stands at both the Nakusp (32.4%) and the Quesnel sites (10.5%). The lowest
overall accuracy of 86.4% occurred in the 5 YSP stand at the Nakusp site (Table 5, Table 6).
Proportional forest cover were derived from wall-to-wall objects for all stands (Figure 20). The 5
YSP stands at both sites had the lowest conifer and highest bare ground area coverage, while the
15 YSP stands showed the opposite trend. Deciduous coverage was found to be highest in the 10
YSP stand in the Nakusp site (Figure 21 (b)) and the 15 YSP stand in the Quesnel site (Figure
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21, a).Variable importance for all Random Forest classifications showed that textural band
metrics including entropy, mean, range, and average were found to be the important for
describing the observed variance (Table 7). Textural, structural, and spectral metrics were all
selected in each of the 6 classifications. The CHM standard deviation metric was the only
structural metric selected in all 6 classifications. GLIx textural metrics were frequently selected in
all classifications.
Table 5: Confusion matrices comparing reference and classification data for the Nakusp site for (a) 5 YSP,
(b) 10 YSP, and (c) 15 YSP.

(a)

Reference data
Classification data
Conifer

Conifer

Deciduous

Ground

User’s accuracy (%)

Commission error (%)

106

192

3

35.2

64.8

Deciduous

57

1368

2

95.9

4.1

Ground

8

13

279

93.0

7.0

Producer’s accuracy (%)

62.0

87.0

98.2

Omission error (%)

38.0

13.0

1.8
Overall accuracy (%)

86.4

(b)

Reference data
Classification data
Conifer

Conifer

Deciduous

Ground

User’s accuracy (%)

Commission error (%)

615

55

9

90.6

9.4

Deciduous

33

369

5

90.7

9.3

Ground

3

2

185

97.4

2.6

Producer’s accuracy (%)

94.5

86.6

93.0

Omission error (%)

5.5

13.4

7.0
Overall accuracy (%)

91.6

(c)

Reference data
Classification data
Conifer

Conifer

Deciduous

Ground

User’s accuracy (%)

Commission error (%)

1666

55

9

96.3

3.7

Deciduous

33

369

5

90.7

9.3

Ground

3

2

185

97.4

2.6

Producer’s accuracy (%)

97.9

86.6

93.0

Omission error (%)

2.1

13.4

7.0
Overall accuracy (%)

95.4
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Table 6: Confusion matrices comparing reference and classification data for the Quesnel site for (a) 5 YSP,
(b) 10 YSP, and (c) 15 YSP.
(a)

Reference data
Classification data

Conifer

Deciduous

Ground

User’s accuracy (%)

Commission error (%)

Conifer

671

75

4

89.5

10.5

Deciduous

46

1599

1

97.1

2.9

Ground

1

1

486

99.6

0.4

Producer’s accuracy (%)

93.5

95.5

99.0

Omission error (%)

6.5

4.5

1.0
Overall accuracy (%)

95.6

(b)

Reference data
Classification data

Conifer

Deciduous

Ground

User’s accuracy (%)

Commission error (%)

Conifer

533

22

4

95.3

4.7

Deciduous

17

330

1

94.8

5.2

Ground

1

4

103

95.4

4.6

Producer’s accuracy (%)

96.7

92.7

95.4

Omission error (%)

3.3

7.3

4.6
Overall accuracy (%)

95.2

(c)

Reference data
Classification data

Conifer

Deciduous

Ground

User’s accuracy (%)

Commission error (%)

Conifer

1191

105

3

91.7

8.3

Deciduous

86

1338

6

93.6

6.4

Ground

5

14

494

96.3

3.7

Producer’s accuracy (%)

92.9

91.8

98.2

Omission error (%)

7.1

8.2

1.8
Overall accuracy (%)

93.2

5.5.2.1

Structure characterization
Mean conifer height increased as YSP increased for both sites, following the same trend

as proportional conifer area coverage (Figure 21). Deciduous mean height followed a similar, but
less pronounced, increasing height trend in the Nakusp site (Figure 21 (a)). At the Quesnel site,
mean deciduous height was highest in the 5 YSP stand (Figure 21 (b)).
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The majority of the conifer area coverage in the 5 YSP stand at the Nakusp site were less
than 0.5 m in height (Figure 22). The 10 YSP and 15 YSP stands show progressive increases in
conifer height, while area coverage becomes more evenly distributed among height classes. The
15 YSP stand was found to have the least conifer coverage below 1.5 m of the three stands. The
15 YSP stand indicated a more complex distribution indicating that conifer heights at this
regeneration stage were predominantly taller, but that shorter conifer continue to be represented.

Figure 20: Aggregated plot level forest cover proportions in the Quesnel (a) and Nakusp (b) at 5, 10, and 15
YSP.
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Figure 21: Mean height of conifer, deciduous, and ground features in Nakusp (a) and Quesnel (b) for 5, 10,
and 15 YSP.

Figure 22: Distribution of object area coverage (m2) and mean height (m) for 5, 10, and 15 YSP stands in the
Nakusp site. The height of each bar represents the area of the canopy of trees with a mean height that fall
within the range of the heights labelled on either side of the bars.

5.5.2.2

Spectral characterization
The raw RGB bands indicated similarities and inherent variability in brightness values

across stands and sites (Figure 23). The NGRDI, VARIg, and GLIx indices were successful in
93

differentiating vegetation (conifer and deciduous) objects from ground. Objects at the Nakusp
site demonstrated similar statistical distributions for conifer and deciduous mean NGRDI,
indicating that these VVI were successful, and consistent in differentiating between land cover at
differing regeneration ages. Apart from the 10 YSP stand at the Quesnel site (Figure 23 (d)),
mean deciduous NGRDI was found to be steady in its response. The Nakusp site showed
consistency in conifer and deciduous mean NGRDI values for all stands (Figure 23 (c)).
Differentiation between conifer and deciduous cover was found to be most successful using VVI
in the 5 YSP stand, while the 10 YSP and 15 YSP stands at both sites indicated predominantly
similar responses.

Figure 23: Mean brightness values for the green band (a, b) and the mean NGRDI (c, d) for 5, 10, and 15 YSP
stands in the Nakusp and Quesnel sites.
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Table 7: Most frequently selected metrics, their type, and the number of times they were selected in Random
Forest classifications.

5.6

Metric

Descriptive Attribute

Times Selected

Entropy – Red, blue, GLIr, GLIg, GLIb,

Textural

6

Standard deviation – CHM, green, GLIb

Structural

6

Entropy - GLIr

Textural

5

Mean - GLIr

Textural

5

Standard deviation - Blue

Spectral

5

Entropy - VARIg

Textural

4

Mean - Blue

Textural

4

Range – Green, GLIb

Textural

4

Standard Deviation – Red, GLIr, GLIg

Spectral

4

Average – Green, GLIg

Textural

4

Maximum - CHM

Structural

3

Maximum – Red, green

Spectral

3

Range – Red, blue, GLIg

Textural

3

Variance - Blue

Textural

3

Discussion
Results show similarities with other studies where analogous classification

methodologies were employed for large scale land-cover classifications in Canada (Powers et al.,
2015). These results further illustrate the potential of incorporating UAS acquired imagery for
forest management purposes. The methodology was successful at differentiating, classifying, and
detailing forest cover for stands of different regeneration ages and geographical locations (Table
5, Table 6). Incorporating field plots of known vegetative composition for identifying sample
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training objects likely limited forest cover miss-classification. There was methodological
robustness within our sites and regeneration ages as we achieved high overall accuracies for all
classifications.
The high accuracies facilitated wall-to-wall feature segmentation, attribute extraction,
and classification for all stands providing highly detailed and reliable spatial, structural, and
spectral information on forest cover. These data could have profound influence on management
decision making, providing valuable information on the distribution (Figure 20), state (Figure 21,
Figure 23), and extent (Figure 22, Figure 24) of differing forest stands and ages. Knowledge of
the physical location, spatial distribution, and structural characteristics of forest cover facilitate
precision forest management approaches (Goodbody et al., 2016; Holopainen et al., 2015). The
use of UAS imagery and DAP point clouds in this study has shown their effectiveness in
detailing all of these characteristics. The ability to detail location, distribution, as well as spectral
and structural characteristics at the centimeter level from a single UAS flight plan demonstrates
the effectiveness of DAP technology for providing enhanced forest inventory information in an
efficient and cost-effective manner (Dvořák et al., 2015).
Compared to conventional ALS acquisitions (Wulder et al., 2008), high point densities
used to produce the DAP CHMs in this study facilitated differentiation of vegetation at finer
levels of spatial detail (Figure 21 and Figure 22). Results from the comparison between field
measured representative tree heights and DAP maximum height showed a strong correlation,
indicating that UAS acquired DAP is accurate in its ability to detail regeneration height (Figure
19). Future analysis should focus on regeneration measurements that can be directly related to
DAP point clouds, such as maximum plot height, to assess absolute accuracy of height measures.
The inclusion of the CHM standard deviation metric in all classifications provides insight into
96

the importance of including structural variables for discriminating amongst forest cover classes.
These findings are promising for the incorporation of DAP technology for providing high spatial
resolution structural information to forest managers that can be used to meet management and
reporting goals. Both the DAP point cloud and orthoimagery also have potential to be
incorporated to act as auditing tools, monitor compliance with silviculture prescriptions, and
provide input data for growth projection models. The ability to routinely introduce height
measurements into growth and yield projections would help to establish connections between
EFI data sets, establishing linkages between inventory hierarchies.

Figure 24: Comparison of (a) UAS-acquired ortho imagery and (b) wall-to-wall classification for 5 years since
planting stand in the Quesnel site.

While DAP is effective at detailing forest surface structure, research into its ability to
detect individual stems is ongoing (Nevalainen et al., 2017; Panagiotidis et al., 2017).
Vauhkonen et al. (2012) noted that the performance of individual tree detection and
segmentation algorithms in ALS typically depends on the tree density, point density parameters,
and the spatial distribution and clustering patterns of trees. Results found in Tiede et al. (2006)
97

corroborate these findings, and further detail that physiological differences between deciduous
and coniferous stems such as having more than one local maximum and inter-growth amongst
deciduous individuals increase potential for detection, segmentation, and classification related
errors. Other factors such as site level heterogeneity driven by topography, pre-disturbance
composition, and post disturbance legacies promote highly heterogeneous forest regeneration,
reducing potential to accurately differentiate amongst individuals (Oliver and Larson, 1996;
Turner, 2010). It is for this reason that the potential to detect all stems using aerial remote
sensing technologies is still limited. Given that stem density and species stocking criteria are
needed for current reporting in regeneration surveys, further research into the improvement of
individual tree detection algorithms is warranted.
The ability to detail the physical location, coverage, and structural attributes of vegetation
in regenerating stands is of great importance to forest managers (Haddow et al., 2000; Pitt et al.,
1997). Wall-to-wall orthoimagery and classification products, such as those provided using the
methodology presented in this study, have great potential to improve managerial land base
knowledge and operational efficiency (Figure 24). Conducting classifications on stands of
interest prior to the application of treatments such as deciduous brushing or fill planting could
not only provide enhanced knowledge of spatial and structural stand attributes, but also a means
of increasing the cost effectiveness of treatment operations and improving knowledge related to
the state of the land base being managed (Hall and Aldred, 1992). Easily interpretable digital
mapping products facilitate effective pre-treatment planning and post-treatment evaluation.
Linkages between treatment costs and associated forest cover changes can be quantified to
evaluate the economic and operational success of management actions, while producing, and
updating, high resolution, multi-temporal inventory systems (King, 2000). The adoption of
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spatial and temporal forest regeneration monitoring at scales that reflect managerial and data
reporting needs has potential to greatly benefit long term forest management approaches,
potentially revolutionizing how forest monitoring and spatial ecology are conducted (Zhang et
al., 2016). This is especially evident given that UAS surveys are able to acquire temporal and
spatial resolutions that best suit environmental and economic management criteria (Goodbody et
al., 2016; Goodbody et al., 2017b; Goodbody et al., 2018b).
As described in Chapter 4, an added benefit to using DAP for detailing the structural
variation of open canopy stands is the ability to generate DTMs (Debella-Gilo, 2016). Increased
stand density and vegetation coverage greatly limit the ability of DAP to produce reliable DTMs,
which is a reason that ALS derived products are often preferred (Holopainen et al., 2015). The
results of our study indicate that DAP was successful in generating DTMs due the relatively low
vegetation cover compared to more mature forest stands, and that it has potential to do so in
stands up to 15 YSP. Reliable and consistent generation of these products could be further
improved by choosing optimal times of year to fly, specifically around those recommended in
Chapter 4. Flights after snowmelt, and prior to the establishment of annual deciduous ingrowth,
which is also a condition detailed in the appropriate times to sample forest regeneration in the
field, should be prioritized (MFLNRO, 2016). The production of accurate stand-level DTMs will
provide baseline elevation information that can be used for future multi-temporal inventory
analyses. These data will help form a strong basis for ongoing, long-term ecosystem-based
management and EFI approaches looking to assess and monitor the effectiveness of current
management and inventory objectives.
Vegetation indices were shown to be effective in their ability to distinguish between
vegetation and ground features, and potentially conifer and deciduous features in the case of the
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5 YSP stands on both sites (Figure 23). Differentiation between conifer and deciduous features in
the 5 YSP sites could be caused by differing spectral properties between younger and older
foliage (Möckel et al., 2014), but further investigation is needed. Results indicate that the
incorporation of VVI into the forest cover classification framework was effective and
computationally simple. VVI textural metrics, especially from GLIx bands were found to be
among the most frequently selected variables in the Random Forest classifications (Table 7).
Above threshold correlation (r > 0.7) values found between most VVIs reduced the number of
these metrics included in Random Forest classifications, however also indicates that VVIs can be
capable and effective as discriminatory classification variables across different sites (Figure 23).
Frequent selection of textural and spectral metrics demonstrates that their inclusion in the OBIA
classifications provided increased discriminatory depth regardless of site location. Entropy and
standard deviation metrics were found to be the most frequently chosen, possibly due to their
ability to recognize spatial patterns in contrast, uniformity, rigidity, and regularity of spectral
data (Ruiz et al., 2011).
Given the success of forest cover differentiation using only a conventional RGB sensor,
further success could be achieved using multi- or hyper-spectral UAS sensor configurations.
Higher levels of spectral resolution could promote an increase in spatial forest knowledge,
including individual tree detection, species differentiation, and health evaluation (Näsi et al.,
2015). Given that species and forest health are fundamental in forest regeneration survey
reporting, more research should be conducted to improve vegetation differentiation and
classification. Classifications providing knowledge of the physical location, species, and health
of vegetation at a wall-to-wall level could revolutionize silvicultural monitoring, enhance longterm forest inventories, and create useful products for auditing purposes.
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The main challenges faced in this chapter revolve around the radiometric inconsistency of
UAS imagery resulting from inherently variable atmospheric conditions, and the limited spectral
resolution of consumer grade RGB sensors (Dvořák et al., 2015). Variability of solar irradiance
and atmospheric shadowing within and among UAS flights introduced difficulty in generating
spatially transferrable, robust classifications. The difficulty in controlling these parameters in our
study required us to generate individual stand level classifications, which, depending on stand
size and geographical location, may still be subject to within-stand variability of solar irradiance.
These within-stand limitations become more cumbersome given current UAS flight longevity
limitations and federal line-of-sight restrictions (Transport Canada, 2014). To limit the effect of
atmospheric variability, future studies could follow the work of Hakala et al. (2013), which
demonstrated the potential for radiometric correction of UAS imagery to produce high accuracy
stereoscopic and spectrometric imagery in diverse atmospheric conditions. Generating
radiometrically calibrated imagery could help to improve the ability to accurately differentiate
between, and classify, conifer and deciduous forest cover, and potentially differentiate between
species. The confusion between these two cover types were the most pronounced of all
classifications in this study and would benefit from methodological improvement.
5.7

Conclusions
The dual benefit of structural data in the form of DAP point clouds and spectral data from

acquired stereo-imagery has great potential within EFIs. Results from this chapter on
characterizing post-harvest regeneration are promising for outlining that both data types have a
role in generating a wide variety of data products. The following chapter continues along this
theme, focusing on the utility and comparability of both data types for providing details on the
severity and spatial distribution of biotic disturbance at a landscape level. Establishing that DAP
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spectral and structural metrics each have inherent value to inventories improves rationale for its
integration into EFI frameworks to generate traditional and non-traditional inventory data
products.
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Chapter 6:
Digital aerial photogrammetry for assessing cumulative spruce budworm
defoliation and enhancing forest inventories at a landscape level5

6.1

Background and motivation
Forest health monitoring is integral to evaluating ecosystem biodiversity and the

sustainability of forest management practices (Franklin, 1993). Monitoring activities that
compile information related to current and future status, changes, and trends associated with
forest health are ecologically, economically, and socially important (Noss, 1999; Lausch et al.,
2017). From a Canadian boreal forest context, changes in phenology, distribution, and
reproduction of forest insects such as eastern spruce budworm (Choristoneura fumiferana
[Clem.], Lepidoptera: Tortricidae) could have major ecological, economic, and social
implications (Candau and Fleming, 2005). Spruce budworm disturbances are estimated to
account for 41 – 53% of Canada’s volumetric timber losses resulting from biological
disturbances (Power, 1991; Sterner and Davidson, 1982), and an average of 1.8 million hectares
of forest in Ontario have been subject to moderate to severe levels of annual defoliation since
1990 (NFD, 2017). While defoliation events are natural in boreal disturbance regimes, improved
understanding of their timing and trends, distribution, and severity will help long-term
management under increasingly variable ecological and economic pressures.

5

The content of this chapter has been adapted from:
Goodbody, T. R.H., Coops, N. C., Hermosilla, T., Tompalski, P., McCartney, G., & MacLean, D. A. (2018).
Digital aerial photogrammetry for assessing cumulative spruce budworm defoliation and enhancing forest
inventories at a landscape level. ISPRS Journal of Photogrammetry and Remote Sensing, 142, 1-11.
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Historical spruce budworm defoliation events ranging in size, intensity, and duration
have occurred roughly every 30-40 years with an approximate 10-15 year duration (Régnière and
Nealis, 2007; Royama, 1984). Outbreaks of higher intensities lead to losses in previous year’s
foliage due to rapid consumption of the most recent year’s growth. Following defoliation,
beginning in late June to early July, a characteristic red colour becomes evident across affected
forest stands. This discolouration results from dead, hanging foliage that has been caught in silk
trails left behind during budworm movement, as well as from feeding tunnel formations. Factors
such as outbreak intensity, temporal sequence, host species distribution (Candau et al., 1998),
stand characteristics, as well as climate variables such as temperature and precipitation (Blais,
1961; Gray, 2008; Hardy et al., 1983) all have potential to influence defoliation severity
(MacLean, 1984). Although singular instances of defoliation do not generally kill individual
trees unless severity is extreme, repeated annual defoliation has been found to increase mortality
risk due to reductions in photosynthetic capacity (Candau and Fleming, 2005). Stands affected
by defoliation present forest management challenges associated with altered disturbance
dynamics (James et al., 2017), reductions in stand vigour associated with height and diameter
increment reductions (Baskerville and MacLean, 1979; Blais, 1958; Miller, 1977), loss of
accrued volume (Power, 1991), as well as forest structural and compositional changes (MacLean
et al., 2001). Research into accurate and cost-effective methods for enhancing landscape level
forest inventories would help to improve knowledge on the relationship between spruce
budworm defoliation and forest structure at a landscape level, while facilitating long-term
monitoring frameworks.
Given the prevalence of spruce budworm induced defoliation and its associated influence
on forest health related challenges, initiatives such as sketch mapping of red stage (current)
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defoliation have been conducted. These surveys, primarily conducted by the Canadian Forest
Service and provincial governments bodies such as the Ontario MNRF Northeast Biodiversity
and Monitoring Section since 1941, are a simple, fast, and inexpensive method for helping to
inform protection programs and delineate potential harvesting strategies (Candau and Fleming,
2005; Leckie and Ostaff, 1988). These surveys consist of the manual delineation and
differentiation of current defoliation into three classes (light (0% – 25%), moderate (26% –
75%), and severe (76% – 100%)), providing data that detail spatial extent and estimated hazard
level.
While these surveys provide useful approximations of the distribution and size of
budworm populations related to current defoliation mapping (MacLean and MacKinnon, 1996),
records of light defoliation are often ignored due to unreliability (Sippell, 1983), and surveys are
unable to provide insight into the level of cumulative defoliation present within stands. The
assessment of cumulative defoliation through time is important for improving knowledge of
spruce budworm induced mortality risk as it details foliage losses in multiple age classes rather
than just current defoliation manifested by the red stage (Leckie and Ostaff, 1988). Methods
aimed at improving available cumulative defoliation data products at a landscape level would
therefore help in guiding management and stewardship strategies and providing evidence for
formulating effective forest health related policy.
While dendroecology and long-term ecological monitoring into the physiological and
biological patterns of spruce budworm outbreaks has been extensively researched for over 60
years (MacLean et al. 2001), there is still a need for spatially explicit information on patterns and
interactions at the landscape level (Senf et al., 2017). Forest managers require accurate, spatially
explicit, and detailed information on the extent and severity of disturbances to inform options for
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operational management. Remote sensing technologies have been used to facilitate fine spatial,
spectral, and temporal scale analyses into forest insect disturbances (Senf et al., 2017; Trumbore
et al., 2015). Numerous studies investigating the assessment of current spruce budworm
defoliation have been conducted using aerial photography (Ashley et al., 1976; Leckie and
Ostaff, 1988; Murtha, 1973), and Landsat multispectral scanner data (Harris et al., 1978;
Madding and Hogan, 1978).
Results from these studies found that timing of acquisition, spectral resolution, and
imagery scale were important factors for accurately mapping current defoliation with aerial
imagery. More recent studies utilizing Landsat thematic mapper (Luther et al., 1997) and SPOT
derived spectral indices (Franklin et al., 2008), found significant relationships for detecting
spruce budworm defoliation. Multiple studies using satellite and aerial imagery with a focus on
defoliation caused by western spruce budworm (Choristoneura occidentalis, Freeman) have
successfully demonstrated the ability to detect defoliation (Franklin et al., 1995; Vogelmann et
al., 2009). A growing body of literature focused on the detection of insect induced defoliation
from varying optical remote sensing sources and at varying spatial, spectral, and temporal
resolutions is promising for incorporation into operational management (Senf et al., 2017).
Potential tools that offer finer scale information beyond conventional aerial and satellite
imagery to improve knowledge of cumulative defoliation are three dimensional remote sensing
technologies such as DAP and ALS. These technologies have been proven to provide accurate
estimates of forest inventory data such as timber volume and basal area at varying scales (White
et al., 2013; Gobakken, Bollandsås and Næsset, 2015; Tompalski et al., 2018).
While analyses using DAP for forest health purposes have been limited to the detection
of individual trees for subsequent classification during bark beetle outbreaks (Näsi et al., 2015),
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ALS has shown potential for the accurate estimation and mapping of pine defoliation in
Scandinavian boreal forest environments (Vastaranta et al., 2013a). Findings from their research
indicated that plot-level defoliation sampling facilitated integration into operational level forest
management and planning and offer additional value to ALS acquisitions. Given the similarities
between ALS and DAP datasets, the successes of ALS for improving structural knowledge of
defoliation, and recent advancements in photogrammetric processing streams, opportunities now
exist to examine the utility of DAP for quantifying cumulative defoliation in a spruce budworm
context.
The application of DAP techniques to aerial imagery acquisitions provide both spectral
and structural metrics that, when combined or used independently, may improve knowledge of
the spatial distribution and severity of cumulative defoliation. The provision of these metrics
may also serve to improve upon landscape level estimates of standard forest inventory attributes
such as basal area and volume (White et al., 2015), which have been used for the delineation of
spruce budworm host species distribution (Wolter et al., 2008). Enhanced inventory products
such as wall-to-wall DAP derived attributes also have potential to provide managers with
accurate, up-to-date, and multi-use data that facilitate informed forest management decision
making. The acquisition of aerial imagery for the purposes of DAP generation therefore present
an opportunity to improve upon landscape level cumulative defoliation, susceptibility, impact
damage, as well as forest attribute estimates through time from a single multi-use data set.
In this chapter, aerial imagery acquired over the Gordon Cosens Forest (GCF) south of
Kapuskasing, Ontario, Canada, were used to produce DAP point clouds and multi-band
vegetation metrics for the purposes of improving spatial, spectral, and structural knowledge of
spruce budworm cumulative defoliation. The main objective was to determine whether spruce
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budworm defoliation was detectable using DAP point clouds, and in doing so, assess the relative
predictive power of structural vs. spectral metrics to model cumulative defoliation at a landscape
level. Additionally, I assessed the effectiveness of DAP structural metrics for modelling field
measured merchantable timber volume and basal area using the ABA presented in Section 2.2.
The accurate estimation of these inventory attributes could be useful for assessing potential
economic impacts of defoliation through time, as well as monitoring changes and trends in forest
structure and health (Lausch et al., 2017). Results from this study could help to examine patterns
in prevalent ecosystem processes, improve understanding of predominant disturbance regimes,
provide a means of evaluating the sustainability of targeted forest ecosystems, and consequently,
evaluate the socio-political and economic implications of forest health related changes (Dale et
al., 2001).
6.2
6.2.1

Methods
Study area
The study site for this analysis was the GCF, located approximately 80 km south of

Kapuskasing, Ontario, Canada (Figure 25). Situated in the heart of the clay belt of the eastern
boreal forest, topography is very flat with an abundance of small lakes and muskegs. Forest
stands are primarily comprised of black spruce (Picea mariana), balsam fir (Abies balsamea),
white spruce (Picea glauca) and various deciduous species including birch (Betula spp.) and
poplar (Populus spp.).
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Figure 25: Study area map detailing location of Kapuskasing within Ontario, Canada and landscape level
extents of the Gordon Cosens Forest study area. Land cover and species information taken from a 2008
enhanced forest resource inventory and road features were provided courtesy of RYAM Forest Management.
Current defoliation features for 2014 and 2015 were derived from annual sketch mapping surveys conducted
by the Ontario MNRF Northeast Biodiversity and Monitoring Section. Final sample plot locations (n=30) are
marked with triangles.

6.2.2

Imagery acquisition and point cloud processing
High spatial resolution (25 cm) aerial imagery was acquired from a Piper Navajo PA 31

fixed-wing aircraft. Image acquisition was conducted in clear weather conditions on May 10th,
2016 over three sections of the GCF (Figure 25). Imagery acquisition was conducted prior to the
red stage that is traditionally used to assess current spruce budworm defoliation. Timing for
image acquisition is known to have occurred in the early stages of 2016 spruce budworm feeding
period. Parameters for image acquisition are detailed in Table 8.
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Table 8: Imagery acquisition parameters.
Acquisition parameters
Sensor
Spectral bands

UltraCamX
RGB &
NIR

Average flight altitude (m)

3375

Forward overlap (%)

65

Side overlap (%)

25

Ground sample distance (cm)

25

Image format

8-bit TIFF

Image processing was performed using Agisoft Photoscan Professional Edition (Agisoft,
2018). A total of 139 images were aligned into three separate forested areas (Figure 25). Tiepoints were generated for overlapping stereo images using Agisoft image matching algorithms.
Inertial measurement unit and GPS metadata were included in tie-point generation. Due to
limited availability of terrain data, the Advanced Spaceborne Thermal Emission and Reflection
Radiometer 30 m DTM was used to assign ground control point elevations to improve point
cloud measurement accuracy and incorporate elevations to areas of higher canopy cover. Tiepoint locations and camera positions were then used to construct dense point clouds with an
average density of 4.3 points m-2. Dense clouds were used to create surface mesh files for
orthoimagery generation. Use of dense cloud derived mesh files ensured that structural and
spectral data components were accurately co-registered for future analysis. Dense point clouds
were exported and post processed using LAStools (Isenburg, 2018). Point cloud post processing
followed the same procedure as described in Chapter 5, where data were filtered for noise,
classified, and normalized prior to structural metric extraction.
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6.2.3

Spectral metric extraction
Multi-band orthoimagery was used to compute a suite of vegetation indices (Figure 26)

from which spectral and textural metrics were derived at a 400 m2 (20 x 20 m) resolution grid
(Hunt et al., 2012). This grid area was chosen to match the area of field measured plots, which is
recommended as best practice for forest inventory modeling using the ABA (Næsset and
Bjerknes, 2001; White et al., 2013, 2017). Next, descriptive spectral metrics were computed for
all raw bands and vegetation indices following the methodology outlined in Section 5.3.4 and
FETEX 2.0 feature extraction software developed by Ruiz et al. (2011). Spectral metrics were
calculated using all orthoimagery pixels within each 400 m2 grid cell (Table 9). Textural metrics
were calculated using the grey-level co-occurrence matrix methodology (Clausi, 2002; Marceau
et al., 1990), which characterizes image texture by calculating how frequently pixel pairs with
specific spectral values occur in a specified spatial relationship. A semivariogram analysis
(Balaguer et al., 2010; 2013), which detailed the spatial correlation of the spectral values in
pixels, was performed on the NIR band (Table 10). For simplicity, use of the term spectral
metrics within this analysis refers to the grouping of spectral, textural, and semivariogram
derived metrics. For further in-depth description of FETEX 2.0 software and its processing
routines see Ruiz et al. (2011).
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Figure 26: Analysis workflow starting with imagery acquisition, processing, implementation of stratified
sampling, field measurement data collection, and forest modelling approaches and associated outcomes.
Cumulative defoliation modeling, the primary objective of the study is outlined in bold.
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Table 9: Spectral vegetation indices produced using raw imagery bands (B1 = Red, B2 = Green, B3 = Blue, B4
= NIR). Spectral type of index is listed as visible (Vis), near infrared (NIR), or a combination of the two (VisNIR).
Name

Type

Abbrev.

Equation

Green-red vegetation index

Vis

GRVI

𝐵2 − 𝐵1
𝐵2 + 𝐵1

Variable atmospherically resistant index

Vis

VARIg

𝐵2 − 𝐵1
𝐵2 + 𝐵1 − 𝐵3

Green leaf index – Red

Vis

GLIR

(𝐵1 − 𝐵2) + (𝐵1 − 𝐵3)
2 × 𝐵1 + 𝐵2 + 𝐵3

Green leaf index – Green

Vis

GLIG

(𝐵2 − 𝐵1) + (𝐵2 − 𝐵3)
2 × 𝐵2 + 𝐵1 + 𝐵3

Green leaf index – Blue

Vis

GLIB

(𝐵3 − 𝐵1) + (𝐵3 − 𝐵2)
2 × 𝐵3 + 𝐵1 + 𝐵2

Normalized difference vegetation index

NIR

NDVI

𝐵4 − 𝐵1
𝐵4 + 𝐵1

Green normalized difference vegetation
index

NIR

NDVIG

𝐵4 − 𝐵2
𝐵4 + 𝐵2

Chlorophyll index - Green

Vis-NIR

CIG

𝐵4
−1
𝐵2

Chlorophyll vegetation index

Vis-NIR

CVI

𝐵4 ×

𝐵12
𝐵2
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Table 10: Description and codification of features extracted by FETEX 2.0 taken from Appendix A of Ruiz et
al. (2011). GLCM refers to the grey level co-occurrence matrix produced within the FETEX 2.0 software.
Listed spectral and textural metrics were computed for each of the raw bands and vegetation indices.
Semivariogram metrics were computed using the raw NIR band. Further documentation on computational
procedures can be found in Ruiz et al. (2011).
Spectral metrics
MEAN
STDEV
MIN
MAX
RANGE
SUM
MAJORITY
MEAN_EDG
STDEV_EDG
Textural metrics
UNIFOR
ENTROP
CONTRAS
IDM
COVAR
VARIAN
CORRELAT
SKEWNESS
KURTOSIS

6.3

Semivariogram metrics
Mean value of
band
Standard deviation
of band
Minimum of band
Maximum of band
Range of values of
band
Sum of values of
band
Majority of values
of band
Mean value of
edgeness factor
Standard deviation
of edgeness factor

RVF
RSF

Ratio between the values of the total variance and the
semivariance at the first lag
Ratio between semivariance values at second and first lag

FDO
FML
MFM

First derivative near the origin
First maximum lag value
Mean of the semivariogram up to the first maximum

VFM

Variance of the semivariogram values up to the first
maximum
Ratio between the semivariance at first local maximum
and the mean semivariance values up to this maximum
Distance between the first maximum and the first
minimum

RMM
DMM

GLCM uniformity
GLCM entropy
GLCM contrast
GLCM inverse
difference moment
GLCM covariance
GLCM variance
GLCM correlation
Skewness value of
histogram
Kurtosis value of
histogram

Sampling stratification
Thirty circular 11.28 m (400 m2) radius plots were established. Prior to field

measurements, a structurally and spectrally guided stratification was performed to ensure plot
locations captured the range of structural and species variability in the region (White et al.,
2017). To do so, an initial host species mask was generated using a publicly available 2008
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enhanced forest resource inventory from the Ontario Ministry of Natural Resources and Forestry.
Cluster analyses were then performed using two DAP point cloud derived structural metrics, the
90th percentile of normalized point heights (P90) and proportion of points above 2 m (canopy
cover; CC), and one imagery derived spectral metric, the sum of the normalized difference
vegetation index (NDVIsum) pixel values. P90 was used to stratify amongst landscape level
vegetation heights and CC to describe variation in crown coverage. NDVIsum was chosen as a
stratifier because it incorporated the spectral variation within each cell while providing
information on the presence and absence as well as vigour of foliage.
In order to increase variability of cumulative defoliation amongst samples, spatial extents
of annual current defoliation sketch surveys from 2014 and 2015 were also included in the
stratification. To increase the efficiency of field surveying, 200 m road buffers were used to
further subset resulting clusters. Finalized field measurement locations were randomly located
within each metric cluster as well as being distributed within as many defoliation scenarios as
possible (Figure 26).
6.4

Field measurements
Field measurements were collected by trained field technicians. Species and diameter at

breast height (DBH) were recorded for all trees with DBH larger than 10 cm. The 10 cm DBH
threshold was chosen according to local merchantability standards. A representative subset of
trees within 5 cm DBH classes were measured for total height using a hypsometer. Speciesspecific DBH to tree height regression models were then derived and applied to all trees that
were not measured for height (Mehtätalo et al., 2015). Following tree measurements, ocular and
branch level defoliation assessments were conducted for host tree species following procedures
detailed in MacLean and MacKinnon (1998) and MacLean et al. (2001). Ocular assessments
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were conducted for all host trees using binoculars, while branch level defoliation samples were
acquired from the mid crown of at least three host species trees per plot using pole pruning
equipment. Cumulative branch level defoliation was adapted from the formula provided in
MacLean et al. (2001), incorporating three years (2014, 2015, 2016) of defoliation data
(Equation 5). Sampling accuracy for this methodology is detailed in MacLean and MacKinnon
(1998) and Maclean and Lidstone (1982).
𝐶𝐷𝑡 = 0.37𝐶𝑡 + 0.34𝐶𝑡−1 + 0.29𝐶𝑡−2

[5]

where t is the year 2016, CD is cumulative defoliation (%) and C is current defoliation (%).
More recent defoliation coefficients had higher weight on the final cumulative defoliation
result (CDt).
6.5

Cumulative defoliation analysis
Plot level structural and spectral metrics from the DAP point cloud and orthoimagery

were incorporated as predictor variables to assess their capability to model cumulative branch
level defoliation at the plot level. A partial least squares (PLS) regression modelling approach
was used, which is appropriate for inter-correlated explanatory variables (Wold 1995; Wold et
al., 2001; Möckel et al., 2014; Wolter 2008) and where predictor variables are more abundant
than sample observations (Dormann et al., 2013; Schmidtlein et al., 2012). The intent of the PLS
modelling approach was to determine the relative predictive power of spectral and DAP
structural metrics for modeling cumulative defoliation in field samples. The assumption in PLS
is that the variance observed in the dependent variable can be largely characterized by a low
number of principal components (Palermo et al., 2009). Integration of potentially large quantities
of inter-correlated variables to produce a limited number of components serves to reduce the
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potential for model overfitting and to improve model accuracy (Carrascal et al., 2009). The PLS
modeling framework identifies components by isolating predictors with the largest covariance to
dependent variables. The first few components account for the majority of variance of the data
being analyzed, while the remainder can be removed to reduce overfitting (Möckel et al., 2014;
Palermo et al., 2009). The PLS characteristics listed offer a suitable approach to test the
capability and importance of a suite of correlated metrics (52 structural, 111 spectral), as well as
assess the relationships between dependent and independent variables and field measured
samples through principle component analyses. The optimal number of components in each
model was selected using the cross-validated coefficient of determination (R2) and prediction
error. Minimizing model error was prioritized first, followed by maximizing R2.
Three separate PLS models with 10-fold cross-validation were computed. The first model
incorporated only spectral metrics produced from DAP derived orthoimagery (PLSspec), the
second utilized DAP generated structural metrics (PLSstruc), while the third integrated both data
types (PLScomb) to determine if their combination would improve model performance. Prior to
modelling, all variables were centered and scaled to have a mean of 0 and a standard deviation of
1 to improve the interpretability of the data for the modeling process (Bush and Nachbar, 1993;
van den Berg, 2006). Following the creation of each model, a variable elimination process was
conducted to limit the inclusion of variables not contributing to variance explained in cumulative
defoliation. To do so, regression coefficients for each predictor variable in the initial PLS models
were computed to determine the importance of each independent variable in the prediction of
cumulative defoliation. In addition, the variable importance for projection (VIP) (Palermo et al.,
2009; Wold, 1995; Wold et al., 2001), which represents the contribution each predictor had in
fitting the PLS model for both predictors and response, was also calculated and used for variable
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selection (Chong and Jun, 2005; Wold et al., 1993). Predictor variables with VIP and regression
coefficients less than 0.8 in absolute values were removed from modeling inclusion (Wold,
1995). Following the modeling process, a discriminant analysis was conducted to visualize and
inform the predictor variables with the highest importance for the prediction of cumulative
defoliation.
6.6

Area-based approach for estimating forest inventory attributes
Wall-to-wall point cloud structural metrics were used to assess the capacity of landscape

level DAP for predicting merchantable volume per hectare (m3 ha-1) and basal area per hectare
(m2 ha-1). To do so, point cloud extents were first co-located with field plots. Tree level volume
equations from Zakrzewski and Penner (2013) and basal area were calculated and summarized to
the plot level. An ordinary least squares parametric modeling approach was used due to its
proven record of point cloud based inventory metric modeling (Næsset et al., 2005; White et al.,
2015; Ullah et al., 2017), as well as simplicity. This method also provides insight into the direct
relationships that can be made between DAP structural metrics and field measured volume and
basal area. Using the ABA and multiple linear regression, plot level volume and basal area
values served as dependent variables, while DAP structural metrics were used as predictors
(White et al., 2017). A forward stepwise modeling approach was conducted where all variables
in the final selected models were significant (p < 0.05). Models were evaluated using leave-oneout cross validation.
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6.7
6.7.1

Results
Cumulative defoliation modeling
The PLSspec model with four components achieved an R2 of 0.79 with an RMSE of 14.5

% (Figure 27 (a); Table 11). The PLSstruc model explained the least amount of cumulative
defoliation variance (R2 = 0.49, RMSE = 21.5 %) with four components (Figure 27 (b); Table
11). The PLScomb model achieved similar explained variability (R2 = 0.79) and accuracy (RMSE
= 14.5 %) results to the PLSspec model (Figure 27 (c); Table 11). PLS modelling demonstrated
that spectral variables were more influential than DAP structural metrics in explaining the
observed variance in field measured mean cumulative defoliation within our study area (Figure
27; Table 11).

Figure 27: Scatterplots for the PLSspec (a), PLSstruc (b), and PLScomb (c) PLS regression models. Solid
diagonal line represents the 1:1 line.
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Table 11: Summary of PLSspec, PLSstruc, and PLScomb cumulative defoliation models. Coefficient of
determination for each model were determined based on the inclusion of components. Best iterations of each
model are displayed in bold with their associated explained variability (%), cumulative explained variability
(%) with the addition of consecutive components, and cross-validated predicted root mean squared error
(RMSE). Number of predictors is the number of spectral and/or structural metrics included in the final PLS
models following variable elimination.
Model

Component

Explained variability (%)

Cumulative explained variability

RMSE

(%)

(%)

1

24.4

24.4

20.4

2

13.4

37.8

21.0

3

7.7

45.5

21.9

4

3.6

49.1

21.5

5

0.4

49.6

21.2

1

52.0

52.0

16.6

PLSspec

2

15.3

67.4

15.3

R2 = 0.79

3

8.2

75.6

15.1

20 predictors

4

3.5

79.1

14.5

5

5.9

85.0

15.0

1

52.5

52.5

16.9

2

19.9

72.5

15.1

3

6.3

78.8

14.5

4

4.2

83.1

15.1

5

2.2

85.3

16.0

PLSstruc
R2 = 0.49
11 predictors

PLScomb
R2 = 0.79
22 predictors

Presence of metrics varied slightly between the PLSspec and PLScomb models, but metrics
were predominantly the same (Figure 28). Spectral metrics from raw RGB bands (minimum
brightness value of red, blue, green) as well as the standard deviation of VARIG were included in
the PLSspec and PLScomb models. The PLScomb model included two structural metrics, point

120

proportion between 5 – 10 m and the mean height between 5 – 10 m. These metrics were also
included within the final PLSstruc model (Figure 28).
6.7.2

Partial least squares discriminant analysis
A discriminant analysis using the first two components of the PLSspec and PLScomb

models, indicated that standard deviation, range, and NDVI derived semivariogram metrics were
the most prominent and effective predictors for describing cumulative defoliation (Figure 28).
These same metrics showed similar response profiles and indicated high multiple squared
correlation with the dependent cumulative defoliation variable. The clustering of these metrics
around field measured defoliation samples classified as severe (> 75%) indicates that they were
all relatively similar in their ability to explain variance in this class. A less pronounced
relationship can be seen where the min red, min chlorophyll vegetation index, min green, and to
a lesser extent min blue were found to be important for modelling some plots in the moderate (26
– 75%) defoliation range in the sample set. The moderate severity class were more scattered
within the principal components. Vectors nearing the figure edge for both of these defoliation
classes indicate that the coefficients for these variables had heavier weights within their
respective components. Tight clustering seen in the low (0 – 24%) severity class indicated that
this class was most unique with regards to cumulative defoliation. Kurtosis and SDF were found
to have the most highly weighted coefficients for describing the low severity class. The two
structural metrics included in the PLScomb model, proportion of points between 5 – 10 m and
mean height between 2 – 5 m, were also found to be useful for the description of these classes.
Sum and mean GLIR metrics were highly weighted within each component for both models,
however did not indicate strong relationships with defoliation samples.
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The PLSstruc model included the fewest metrics resulting from variable selection using
VIP and regression coefficients. Discriminant analysis on the first two components reinforced
that structural metrics were not as effective as spectral metrics for discriminating amongst
cumulative defoliation samples. Metrics associated with the upper tree canopy, P90, P95,
maximum height, and mean between 10 – 20 m were all found to have high regression weights in
the primary latent variable. Wide and overlapping distributions in the sample defoliation classes
indicate that the metrics in the final structural PLS model were unable to differentiate levels of
defoliation as well as spectral metrics (Figure 28). The class that was most effectively separated,
the 0 – 24% class, was found to be most closely related to DAP skewness.

Figure 28: Circles of correlation comparing the first two components for the PLS spec (a), PLSstruc (b), and
PLScomb cumulative defoliation PLS models. Metrics included in the model are written in bold with associated
vectors indicating direction and magnitude of coefficient weights on the final model. Field measured
cumulative defoliation samples are classified into three colour coded classes (low: 0 – 25%, moderate: 26 – 75
%, and severe: > 75%). The cumulative defoliation (CD) response variable with its associated correlation
vector is depicted in blue, indicating direction and magnitude of correlation to the associated model predictor
variables.

6.7.3

Forest inventory modelling
Linear regression using DAP structural metrics facilitated the accurate prediction of

volume and basal area (Figure 29). The basal area model incorporated the 80th percentile of
height and the proportion of points between 10 - 20 m and achieved an R2 of 0.90 with a
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corresponding RMSE of 4.11 m2 ha-1. The volume model incorporated only one metric, the 99th
percentile of height, and achieved an R2 of 0.80 with an RMSE of 49.7 m3 ha-1. The volume
model generally indicated an over-estimation in the mid ranges of volume, while basal area
showed relatively consistent estimation across the sampling range.

Figure 29: Scatterplots for the predictive linear regression models for basal area (a) and volume (b). Solid
diagonal represents the 1:1 line.

6.8

Discussion
This chapter demonstrates the suitability of using DAP metrics and PLS modeling

approaches for estimating cumulative defoliation in a Canadian boreal forest context. Findings
indicated that spectral metrics had a greater ability to predict cumulative defoliation than
structural metrics, and that metrics describing spectral variation were most important. Structural
metrics were also incorporated to provide information on the basal area and volume of the stands
affected by spruce budworm to determine the effectiveness of landscape level DAP for forest
attribute estimation using multiple linear regression and the ABA. Models for both volume and
basal area showed that DAP structural metrics were effective at producing accurate landscape
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level inventory attribute estimates (Figure 30). The major outcome of this analysis shows that the
data provided in landscape level DAP data sets is multi-use. The provision of both spectral and
structural metrics facilitated an effective method for designing a cost-effective and efficient field
measurement program, as well as provide solutions to forest health and inventory related
challenges.

Figure 30: a) Landscape level prediction of cumulative defoliation (%) derived from the PLS spec model. Zoom
extents for areas A1 and A2 for cumulative defoliation (b,c), volume (m3 ha-1) (d,e), and basal area (m2 ha-1)
(f,g).

Results within this chapter illustrate the inability of DAP derived structural metrics to be
used to accurately predict cumulative spruce budworm defoliation. The PLS modeling analysis
outlined that variation in cumulative defoliation could not be strongly linked to DAP structural
metrics, reinforcing some of the limitations of DAP point cloud data sets. While DAP point
124

clouds are limited to characterizing the outer envelope of the dominant canopy, ALS pulses
detect and record physical responses from the structural components throughout canopy layers.
This may be the reason for the success in previous studies reporting ALS as an effective tool for
detecting and quantifying conifer defoliation (Kantola et al., 2010; Vastaranta et al., 2013a).
Another probable underlying cause for poor structural metric performance is that DAP
point clouds characterize the most recent or outer-most annual foliage on tree crowns, while
spruce budworm defoliates the current year foliage in successive years, resulting in multiple age
classes of foliage removed (cumulative defoliation). Annual branch level defoliation
measurements illustrated this phenomenon, with DAP point clouds limited to characterizing only
a portion of the potential defoliated foliage present within the stand. The influence of differences
in sun-angle, viewing geometry, and image resolution also influence finalized DAP products (StOnge et al., 2008). A further limitation to DAP point cloud analyses such as predicting
defoliation is that various proprietary and open source processing algorithms are fundamental to
their creation (Dall’Asta and Roncella, 2014). As described in Chapter 2, studies comparing the
performance of image-matching algorithms showed parameterization and internal algorithm
differences can lead to discrepancies in how DAP point clouds characterize forest structure,
which can consequently affect the accuracy of high resolution structural analyses such as
cumulative defoliation and inventory attribute modeling (Ullah et al., 2017).
Spectral metrics derived from multi-band orthoimagery showed an increased ability to
predict cumulative defoliation over structural metrics. Semivariogram derived variance metrics
(Balaguer et al, 2010; 2013) describing the spatial variation of spectral values were the most
important in the PLSspec and PLScomb models. Discriminant analysis indicated that these variables
were strongly linked to measured cumulative defoliation. Other metrics describing spectral
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variability were also highly effective predictors. The importance of spectral variability metrics
can be linked to the physical manifestation of defoliation, since budworm feeding introduces
variation in the spatial distribution of foliage within conifer stands, thus influencing the
variability of electro-magnetic reflectance. The ability to isolate important spectral variables that
can be linked to cumulative defoliation is an important step to improving estimates at landscape
scales. Further research into the regional robustness and sensitivity of these variables could help
to facilitate automated classification routines for quantifying and reporting severity.
Acquisition timing of the imagery used in this study did not fall within the characteristic
red-stage commonly used for the sketch mapping of current defoliation. Issues related to weather
and logistics often cause problems for imagery acquisition during the red-stage. Results achieved
using imagery not exhibiting the most prominent spectral variations associated with current
defoliation are promising for future potential to improve defoliation modeling accuracy.
Although current defoliation maps are often used to plan insecticide spray programs, cumulative
defoliation is the best predictor of tree mortality (Erdle and MacLean, 1999). Future studies
assessing both cumulative and current defoliation severity using spectral variables should focus
imagery acquisition within this red-phase to determine whether prediction accuracy can be
improved compared to images acquired following red-stage manifestation.
Future studies looking to improve upon linkages between cumulative spruce budworm
defoliation and remote sensing should further investigate the potential relationships between
aerial and satellite imagery. While studies such as Franklin et al. (2008) outlined that SPOT
HRVIR satellite imagery elicited stronger relationships with cumulative defoliation than Landsat
thematic mapper, their study also outlined that multi-temporal Landsat imagery was more
effective than a single date. These results justify a more thorough investigation into multi126

temporal monitoring frameworks with high resolution data, such as the aerial imagery used in
this analysis. Multiple aerial imagery acquisitions could help to provide a more detailed
description of cumulative defoliation at a landscape level, potentially providing details about
defoliation trends related to the spruce budworm life cycle. Methods to improve upon existing
landscape level predictions for spruce budworm host species distributions (Wolter et al., 2008),
and consequent defoliation susceptibility forecasting (Luther et al., 1997) are promising for
monitoring trends in landscape level defoliation and host species changes, improving pro-active
forest management strategies, and providing long-term data for the formulation of effective
forest policy and stewardship.
With projected changes in climate posing an uncertain future for forest health, improved
managerial insight will become increasingly necessary to balance the ecological, social, and
economic values placed on forest resources (Dale et al., 2001). I view the acquisition of aerial
imagery at regular intervals as an effective tool for managers to better understand, characterize,
and quantify forest health and long-term management strategies. Results from the forest
inventory modeling analysis reinforce that conventionally acquired aerial survey imagery can be
used to create multi-use, accurate, and effective DAP point clouds for forest inventory modeling.
These results corroborate with those discussed in Chapter 2.
Accuracies for predicting volume and basal area were competitive with results achieved
from similar, and higher density DAP datasets, as well as ALS (Straub et al., 2013; P Tompalski
et al., 2014; Tompalski et al., 2018; White et al., 2015). The ability to produce these data sets
from conventional aerial acquisition programs greatly increase their value, and could help to
improve upon well-informed forest management decisions. The prediction of forest inventory
attributes at a landscape level through time could also provide a method of assessing the
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influence of cumulative spruce budworm defoliation on the quantity and associated economic
value of harvestable timber. This would allow relationships to be drawn to more accurately
assess the impacts of defoliation through time, and how it may influence local economies.
Spectral and structural metrics facilitated an economically optimized field measurement
campaign. Stratifying forest cover types prior to implementing sampling routines served to
improve landscape level understanding of forest distribution and potentially add to statistical
representation amongst target variables. Other studies utilizing a pre-sampling stratification can
be found in Breidenbach et al. (2010) and Yu et al. (2011). The incorporation of spectral and
structural metrics, spatial forest cover information, and current defoliation extents from 2014 and
2015 facilitated field plot positioning with minimal requirement to travel far distances to reach
specific or under-represented forest types. Given limited road access across the GCF (Figure 25),
a common scenario in Canadian forests, locating plots within 200 m of road access helped to
increase the number of acquired samples while reducing sampling costs. This stratification
strategy could be a useful starting point for forest managers requiring inventory datasets on large
land-bases with limited access, or those looking to optimize sampling efficiency.
6.9

Conclusions
This chapter provides additional rationale that both structural and spectral metrics

produced from DAP datasets can be used to improve estimations of forest inventory attributes,
and enhance information related to forest health. Structural metrics were effective at predicting
volume and basal area, while spectral metrics provided accurate cross-validated estimates of
cumulative defoliation in host stands. PLS modeling outcomes reinforced that spectral metrics
were the most effective for predicting cumulative defoliation, and that metrics providing
information related to both the spatial variation in spectral responses, and variation in spectral
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signals, were found to be most influential. The provision of both of these metric types from a
single, conventionally flown, aerial imagery survey shows promise for enhancing forest health
and inventory data in a cost-effective manner.
The ability to model standard forest inventory attributes such as volume is of great value
to forest managers, and results from this chapter illustrate that landscape level DAP is capable
and accurate at doing so. Chapters 7 and 8 look to reinforce these findings by further analyzing
DAPs ability to model inventory attributes, and consequently establish a synergistic framework
for updating baseline ALS EFIs. Both the ABA that was elaborated upon in this chapter, and
updating attribute estimates at an individual tree level are presented.
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Chapter 7:
Updating residual stem volume estimates using ALS and DAP point clouds6

7.1

Background and motivation
Generating forest inventories in Canada is complex due to a large forested land area that

is generally difficult to access. The commercial forestry sector is a major contributor to national
and subnational economies, a key source for employment, and a provider of a varied range of
ecosystem goods and services. Sustainable forest management is therefore essential for balancing
the economic values of timber production, social investment in forestry-related employment, and
environmental stewardship. Inventories designed to inform harvest operation planning through
the provision of information on volumetric estimates, species distribution, and general health
status of standing timber have largely been conducted using aerial photographic interpretation,
field plots, and manual timber cruising (White et al., 2013a). While effective and accurate at
estimating standing timber composition and volume, these approaches are costly and time
consuming. Although these methods may be informative in the short term, forest inventories
should be updated periodically, increasing monitoring costs. The use of inaccurate and outdated
inventories increases the potential margin of error for gross and net volume estimates, leading to
potential economic losses. To ameliorate this problem, improvements are needed to increase the
economic and temporal effectiveness of inventory collection, monitoring, and updating.

6

The content of this chapter has been adapted from:
Goodbody, T.R.H., Coops, N.C., Tompalski, P., Crawford, P., Day, K.J.K., (2016). Updating residual stem volume
estimates using ALS- and UAV-acquired stereo-photogrammetric point clouds. Int. J. Remote Sens. 1161.
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Although ALS is now regarded as the preferred data source for detailing forest structure,
discussions presented in Chapter 2 outline that the use of DAP to facilitate monitoring and
increased frequency in inventory cycles has increased in popularity (Lim et al., 2003; Reutebuch
et al., 2005). As mentioned in Chapter 1, DAP point clouds are regarded as being comparable
under some situations to point clouds generated from ALS, facilitating a similar approach to
structural analysis and metric extraction (Vastaranta et al., 2013b). Interest in DAP utilization
can be attributed to factors including the provision of data packages complementary to forest
inventory standards, comparatively low operational costs, and the ability to determine imagebased forest attributes that are currently problematic for ALS data such as species composition
and health status (Näsi et al., 2015; White et al., 2013b; Wulder et al., 2008). In addition,
exploiting already acquired imagery to characterize and deliver structural information on forest
stands could reduce operational costs and increase the efficiency of the forest planning process
(Tao et al., 2011; White et al., 2013b).
In the following two Chapters, I implement and demonstrate a periodic semi-automated
inventory cycling framework comprising an initial time 1 (T1) ALS baseline inventory and
corresponding time 2 (T2) UAS-DAP update. Framework goals include increasing the temporal
accuracy and cost effectiveness of the inventory, providing information on the spatial
distribution of forest cover change from harvesting practices and natural disturbances, and
accurately estimating and monitoring residual timber volumes post-harvest. To do so we assess
the ability of UAS-DAP to update pre-harvest ALS inventories by modelling residual standing
timber volume following selective harvest in the Cariboo region of British Columbia, Canada.
ALS data and field measurements were acquired prior to harvest in 2013. Following a selective
harvest in 2015, additional field measurements were collected and UAS stereo-imagery was
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acquired for DAP point cloud generation. The ABA to forest attribute estimation, which was
initially described in Section 2.2 and implemented in Chapter 6, was then used to develop
models of stand volume at T1 pre-harvest and T2 post-harvest. Following the creation of T1 and
T2 volume models, change in volume between periods was analyzed using indirect and direct
modelling approaches. We then develop an inventory-cycling framework where the ABA
incorporates T1 ALS and T2 DAP point cloud metrics to determine both the spatial location of
harvesting operations and resulting volume differential.
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7.2

Materials and methods
The ALS and DAP datasets used in this analysis are the same as those used for Chapter 8.

7.2.1

Study area
Inventory information was collected from compartments A (16.5 ha) and B (31.6 ha)

within the Knife Creek block of the Alex Fraser Research Forest (AFRF) southeast of Williams
Lake, BC, Canada (Figure 31).

Figure 31: Study area southeast of Williams Lake, BC (a) with UAS-acquired orthomosaic of compartment B
(b) with inlay (d), and sub canopy image (c).

Knife Creek falls within the Interior Douglas-Fir biogeoclimatic ecosystem classification
zone with a small percentage in the transition to the Sub-boreal Pine Spruce zone (Day, 2007).
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The forest is dominated by uneven-aged Douglas-fir (Pseudostuga menzieszii var. glauca) stands,
with small proportions of lodgepole pine (Pinus contorta var. latifolia) mixed throughout. The
topography is gently sloping and the climate is dry to very dry. The Knife Creek block location is
within Cariboo mule deer wintering range habitat and is subject to stand-level harvesting
direction that includes minimum basal area retention, a minimum cutting cycle of 30 years, and
formation of small canopy openings with clumpy distributions of mature Douglas-fir (Dawson et
al., 2007; Koot et al., 2015).
7.2.2

ALS data acquisition
ALS data was acquired for the Knife Creek block in August 2013 using a Riegl VQ-580

laser scanner operating at 200 kHz on a Cessna flown approximately 600 m above ground level.
The scanner captured data ±30° from nadir with a dual frequency NovAtel Span-SE GPS
receiver and IMAR inertial measurement unit.
Point density averaged between 7–9 points m–2 for all returns. ALS data accuracy was
determined by comparing matching tie planes on overlapping scan lines. The overall ALS data
had an estimated RMSE of 0.048 m, and absolute accuracy of ± 0.094 m stated at the 2σ level
(1.96 × RMSE) (Aguilar and Mills, 2008).
7.2.3

UAS data acquisition
In March 2015, a Aeryon SkyRanger vertical take-off and landing quadcopter weighing

approximately 2 kg captured 2400 16-megapixel RGB images. The sensor was fitted to a 3-axis
stabilized gimbal to maintain nadir image capture. The UAS was flown in a pre-programmed
rectangular grid pattern over the forest to ensure adequate horizontal and vertical image overlap.
Altitude was maintained at approximately 100 m above ground level throughout the image
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capture sequence. Images were captured over multiple hours on the same day with slightly
varying sun and weather conditions. A high resolution DAP point cloud was produced using
Pix4D software (Pix4D, 2018b). High resolution orthomosaic maps were produced for site
reference (Figure 31). In order to obtain the highest quality imagery possible, robust stabilization
software was used to maximize data integrity in adverse weather conditions such as high winds.
In the event of communication or control failure, this software would also autonomously return
and land the UAS at its point of commencement. The system used is a suitable analogue for lowcost off-the-shelf UAS solutions.
7.2.4

ALS point cloud processing
A DTM was created using ground returns from the point cloud followed by ground-level

normalization. A surface model was produced from the maximum heights of all returns and a
0.50 m CHM was produced by differencing the surface model and DTM. Processing for T2 DAP
data followed the same procedure as described above, with the exception of the DAP point cloud
being normalized to the ALS derived DTM (Figure 6). Following points presented in Chapter 2,
the ALS derived DTM was used as they have been shown to provide accurate high resolution
sub-canopy terrain data (White et al., 2013b)
7.2.5

Stand level measurements
Prior to harvest, 23 variable radius plots were located within the project blocks area to be

harvested. Plot centres were located using handheld GPS. At each plot, species was determined
for each ‘in’ tree, and DBH and height were measured. Individual tree locations were mapped.
Given that a variable radius plot does not measure all trees within a fixed radius, the CHM was
used to detect trees not included in the field sample. To do so, tree canopies were identified using
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a local maxima search to determine seed regions similar to Zhang et al. (2013). Crown extents
for each tree were determined by applying a ‘seed growing’ approach as in Maltamo et al.
(2003). All detected treetops within plots bounds were included within the inventory. Stem maps
and CHMs were overlaid for validation of CHM and field measured heights. Diameters for
included trees were estimated using the model developed by Hall et al. (1989) using the point
cloud based tree heights and crown area from individual tree detection polygons. Once all trees
were identified, individual tree volumes (m3) were computed as in Tompalski et al. (2014).
The 23 plots were revisited following a selective harvest in 2015. Seven plots had all of
their timber removed. At the remaining plots, all residual, previously measured trees were remeasured. Stumps of harvested trees were recorded on the stem map. As with the ALS data, the
DAP CHM was used to find trees not included in the variable radius sampling to allow their
heights to be updated and DBH and volumes recalculated.
7.2.6

Area-based volume modelling
Conventional plot-based cloud metrics were calculated for the T1 ALS and T2 DAP data

sets (Table 12) using a 2 m height threshold (Nilsson, 1996). Height of percentiles of non-ground
returns, canopy return density metrics, and strata metrics were computed using normalized point
clouds as in White et al., (2013a).
The direct and indirect approaches to modelling change in the point clouds were used to
determine volume change between T1 ALS and T2 DAP data sets as in Cao et al. (2016) (Figure
32). Volume change using the indirect method (VIndirect) was estimated by modelling volume for
pre-harvest ALS (VT1) and post-harvest DAP (VT2) independently and estimating the change as
their difference. The direct method (VDirect) utilized differences between plot-level metrics and
the volume calculated between T1 ALS and T2 DAP data sets to directly model changes in
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volume. The T1 ALS volume model included all 23 sample plots while the T2 DAP model
included 16 due to 7 of the original plots exhibiting null (totally harvested) volumes. Using
multiple linear regression techniques, individual predictive volume models for T1 ALS, T2 DAP,
and direct volume change were generated. Pearson product moment correlation coefficients (r)
were computed to assess the relationship among point cloud metrics. Any metrics with an r >
0.75 were removed from the data set. A stepwise modelling procedure was used to determine the
optimal parameters for model inclusion that were uncorrelated. Table 12 outlines which
parameters were included in the modelling process. The RMSE and bias were calculated and
wall-to-wall visual outputs were produced for each model outlining volume (m3 ha−1) for T1 ALS
and T2 DAP and volume change for the indirect and direct models.

137

Table 12: Descriptive statistics produced for ALS and DAP point clouds. Elevation and strata metrics are
comprised using combinations of first and all returns.

Elevation metrics

Strata metrics

Minimum, Maximum, Median*, Mode of height

Percentage all returns above 2m*

Standard Deviation, Variance

Percentage of first returns above mean, mode height

Interquartile Difference, Skewness, Kurtosis

All returns > 2m*, mean , mode

Percentile Values (1st, 5th*, 10th, 20th, 25th, 30th,
40th, 50th, 60th, 70th, 75th, 80th, 90th*, 95th, 99th)

Min, max, mean, median, mode, standard deviation,
median height between 10-20 meters*,
mean height between 10-20 meters*

*Indicates metric inclusion in modelling

Figure 32: Framework for indirect and direct modelling approaches.

7.3
7.3.1

Results
Canopy height
CHMs were created for T1 ALS and T2 DAP data sets detailing the spatial distribution of

standing timber before and after selection harvesting (Figure 33 (a, i) and (b, ii), respectively).
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The result of their subtraction was CHMdiff (Figure 33 (c, iii)), which outlines the location and
extent of growth and loss from harvest between 2013 and 2015.
7.3.2

Metric comparison
The ALS and DAP point clouds were compared using a number of conventional metrics

including 5th and 95th percentile of height, mean height, and standard deviation of height (Figure
34). Canopy cover metrics such as proportion of points above 2 m were also compared. As
anticipated due to the lack of penetration of the DAP point clouds into the forest canopy,
similarities between ALS and DAP height metrics increased as the height percentile increased.
Correlation between height percentiles ranged from r = 0.06 for the 5th percentile of height to r =
0.84 for the 95th percentile of height. The largest correlation change of r = 0.61 occurred between
the 25th and 50th percentile of height. Correlation for mean height was r = 0.64, and r = 0.42 for
standard deviation of height. The proportion of points > 2 m showed the lowest correlation of r =
0.02. Overall, mean height and proportion of points >2 m was greater for DAP than ALS. DAP
height metrics were greater than ALS metrics up to the 75th percentile of height. The ALS
standard deviation was larger than DAP.
7.3.3

Stem volume estimations
Individual predictive volume models were produced for T1 ALS (R2 = 0.91, p < 0.01,

%RMSE = 17.34, and bias = -3.45) and T2 DAP (R2 = 0.93, p < 0.01, %RMSE = 18.50, and bias
= -2.18) (Figure 35 (a) and (b), respectively). These models exhibited similar relationships for
observed and predicted volume, both yielding significant values for all parameters. The indirect
and direct approaches to modelling change in volume were used. The ΔVIndirect model (R2 = 0.85,
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p < 0.01, %RMSE = 16.65, and bias = -0.29) and ΔVDirect (R2 = 0.75, p < 0.05, %RMSE = 86.56,
and bias = 11.08) showed a 69.91 % difference in RMSE (Figure 36 (a) and (b), respectively).
Table 12 outlines the predictor variables used to generate each model and their
corresponding significance while Table 13 summarizes the linear regression equations used for
each model. For compartment A, the T1 ALS model estimated volume as 170.78 m3 ha–1 (SD =
65.75 m3 ha–1), while the T2 DAP model estimated residual volume following harvest at 110.78
m3 ha–1 (SD = 66.81 m3 ha–1). The indirect model estimated volume change as -60.00 m3 ha–1
(SD = 64.39 m3 ha–1), while the direct model estimated -32.66 m3 ha–1 (SD = 38.21 m3 ha–1) For
compartment B, the T1 ALS model estimated volume as 266.74 m3 ha–1 (SD = 114.94 m3 ha–1),
while the T2 DAP model estimated residual volume following harvest at 210.85 m3 ha–1 (SD =
115.48 m3 ha–1) (Figure 37 (a), (i) and (b), (ii), respectively). The indirect estimated volume
change as -55.89 m3 ha–1 (SD = 99.26 m3 ha–1), while the direct model estimated -23.00 m3 ha–1
(SD = 38.99 m3 ha-1).
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Figure 33: Cartographical representation of (a, i) ALS derived canopy height model in 2013 (CHMT1), (b, ii)
UAS stereo-photogrammetric canopy height model in 2015 (CHM T2), and (c, iii) their difference (CHM diff) for
compartment B.
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Figure 34: Comparison of ALS and DAP metrics for (a) 5th, (b) 25th, (c) 50th, (d) 75th, (e) 95th percentile of height (m), (f) mean height (m), (g) standard
deviation of height (m), and (h) proportion of points above 2 m (%). 1:1 line is shown in each plot.
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Figure 35: (a) T1 ALS and (b) T2 DAP predictive volume models. 1:1 line is shown in each plot.

Figure 36: (a) Indirect and (b) direct predictive volume difference models. 1:1 line is shown in each plot.
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Table 13: Linear parameters and metrics used for T1 ALS and T2 DAP predictive volume models and ΔVIndirect and ΔVDirect volume change models.
Model

T1 ALS

T2 DAP

ΔVIndirect

ΔVDirect

Predictor variable

Response variables

Parameters

Intercept

R2

Volume ALS (VT1)

Mean height
log(All returns > 2 m)
Median height between 10 to 20
m

0.128 **
0.656 **
0.111 **

-6.216

0.926

Volume DAP (VT2)

90th percentile of height
log(All returns > 2 m)
Mean height between 10 to 20 m

1.971 **
0.651 **
0.114 **

-12.328

0.934

ΔVT1 - ΔVT2

ΔVT1 - ΔVT2

1.074 **

19.623

0.849

(Observed)

(Predicted)

log(VT2- VT1)

5th percentile of height
Percentage all returns > 2 m

0.198 *
0.223 **

0.232

0.748

* p < 0.05
** p < 0.001
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7.4

Discussion
In this chapter, I compared pre-harvest ALS and post-harvest DAP data acquired

over the same area with a two-year interval to determine the location and volume of
residual timber following selection harvesting. Multiple linear regression and the ABA to
attribute estimation were used to estimate volume from ALS in 2013 and DAP in 2015
using field measurements and point cloud metrics. Stand volume change was estimated
using two modelling approaches: first, an indirect method that incorporated separate models
for VT1 and VT2 data sets with their difference estimating volume change, and second, the
direct method, which involved developing a single model that estimated volume change as
a function of change in T2 DAP – T1 ALS point cloud metrics.
As anticipated, the ALS point cloud provided accurate structural stand and terrain
information, which were critical for model development. The T1 ALS model variables and
accuracy were as significant as similar studies (Rahlf et al., 2014; Vastaranta et al., 2013b)
confirming the potential of ALS to provide stand volume estimations and data for planning
decisions. The incorporation of stand-level CHMs and corresponding inventory information
into the planning and operational process could improve management decision-making
including the timing, location, and scale of harvest operations.
To maintain the spatial accuracy of the operational inventory, systematic updating
must be prioritized on a periodic basis. The combination of fast operationalization of UAS
with the high precision of DAP technology has proven comparable in this study area to its
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ALS counterpart (Vastaranta et al., 2013b). DAP showed promising results in its ability to
update locations of harvest operations, locate residual timber assets, and estimate
corresponding residual stand volumes (Figure 37). The comparable accuracy of the T1 ALS
(%RMSE = 17.34) and T2 DAP (%RMSE = 18.50) models agrees with those presented in
Figure 7, further justifying the incorporation of UAS-DAP to facilitate an inventory
updating framework that provides spatial and temporal inventory information of
comparable accuracy for a fraction of the ALS collection cost (Grenzdörffer et al., 2008;
Näsi et al., 2015). These results suggest that the ongoing use of UAS to periodically collect
DAP information after harvest could be useful in future efforts of gauging the success of
applied harvesting regimes, monitoring residual stand behaviour post-harvest, updating
allometric forest growth models, gauging the success of natural and planted regeneration,
and updating inventories after abiotic disturbances such as wind or fire (Koh and Wich,
2012; Tang and Shao, 2015).
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Figure 37: (a, i) T1 ALS and (b, ii) T2 DAP predictive volume wall-to-wall outputs for compartment B.

Although DAP has proven accurate in estimating residual timber volumes, a
limitation of the technology is that it is highly influenced by ambient light conditions
(Gobakken et al., 2015). The collection of DAP imagery in our study area was easily
accomplished; however, the acquisition of larger areas could prove complicated due to the
changes in illumination and weather conditions over time. Therefore, the acquisition of
DAP point clouds using UAS should be limited to smaller areas to better manage for
variability in illumination and weather conditions. This would also follow the framework of
updating a much larger T1 ALS data set with DAP post-harvest. This methodology
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improves cost effectiveness of forest practices, while providing managers with accurate
stand-level structure, terrain, and high resolution RGB photography information.
In spite of the above-mentioned limitations, it is evident that the numerous benefits
to managers adopting UAS in place of conventional light aircrafts are abundant. In order for
managers to maximize the utility of UAS, special attention should be given to determine
which features are best suited to their data collection needs. Apart from reductions in shortand long-term costs, features such as intuitive flight planning and autonomous control
capabilities make operating the UAS and capturing high resolution imagery simple and
convenient. First-hand control during flights provide managers with the capability to tailor
spatial resolution and coverage to best match their data needs, while quick set-up and
launch features facilitate frequent data capture and improve overall utility. Managers should
be aware that commercial UAS have a diverse array of physical and technological features
that alter their ability to acquire aerial imagery including sensor compatibility, battery life,
and software capabilities.
In this chapter, I compared indirect and direct approaches to modelling change in
volume. The indirect model, which was determined by the difference between T1 ALS and
T2 DAP volume estimates, showed a higher accuracy (RMSE% = 16.65) than the direct
method (RMSE% = 86.56). The poor accuracy of the direct model can be attributed to the
fundamental differences in how ALS and DAP point clouds characterize forest structure.
ALS data, having the potential to penetrate through the crown canopy, has lower height
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percentiles than DAP. This is generally due to the inability of DAP to penetrate the crown
canopy restricting its metrics to the forest canopy. Previous studies such as White et al.
(2015) have shown that ALS and DAP metric correlations increase as height percentiles
increase. The results of those studies agree with the results of our analysis into the
differences between DAP and ALS metrics at increasing percentiles of height. The indirect
model used in our analysis indicates that estimates of volume change for this study area can
be achieved regardless of differences in metric stratification. This result aligns the use of
the indirect modelling method with our proposed framework of updating ALS inventories
with DAP after harvesting.
Future analysis into indirect versus direct volume modelling approaches should
follow the methodology of studies such as Bollandsås et al. (2013) and Økseter et al.
(2015), where the same technologies are compared (T1 ALS vs. T2 ALS) to determine
whether the direct or indirect approach is more accurate at estimating metric change over
time in specific forested areas. Results of studies to date show mixed outcomes for which
method is most accurate, often dependent on data type, forest type, location, and age (Cao
et al., 2016). In the interest of preserving the low acquisition cost of DAP data, it would be
beneficial to compare a post-harvest DAP data set immediately following harvest, and data
acquisition a number of years afterwards. This analysis could also prove useful in
elaborating on results achieved in Chapter 5 for estimating and monitoring stand
regeneration.
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7.5

Conclusion
Both ALS and DAP have the ability to model forest metrics utilizing the ABA. The

ability for ALS to create accurate DTMs and provide structural information for forest
managers provides a strong basis for its implementation in large-scale inventory generation
over areas of future operations. DAP has been proven accurate in its ability to estimate
residual volume in harvested stands, and thus serves as a technology capable of updating
ALS generated inventories. The indirect method of modelling volume change proved the
most accurate in our study area, likely because it does not incorporate the fundamental
differences in ALS and DAP metrics. The cost effectiveness, ease of deployment, and
collection of very high resolution imagery makes UAS-DAP a strong candidate for
incorporation into forest management and inventory updating practices.
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Chapter 8:
Updating individual tree heights and volumes using DAP7

8.1

Background and motivation
This chapter utilizes the same UAS-DAP and ALS datasets as Chapter 7 however

analyzes the ability of DAP to detect individual trees consistently through time, and update
inventory metrics within a previously established tree level EFI. I present a case study
where UAS-DAP point clouds were used to update a previously established ALS EFI to
demonstrate another potential use of this technology in an operational context. Point cloud
outputs from ALS in 2013 and DAP in 2015 were used to determine UAS-DAP point
clouds legitimacy as an EFI updating tool. To identify the validity of using multiple point
cloud metrics for measuring height and volume increments, both the CHM and 95th
percentile of height (P95) were analyzed. Motivations for this analysis included
maximizing the temporal accuracy and cost effectiveness of the EFI, as well as monitoring
tree height and volume growth over the inter-inventory period. This study is among the first
to evaluate UAS-DAP as a data set to update existing ALS generated EFIs.

7

The content of this chapter has been adapted from:

Goodbody, T.R.H., Coops, N.C., Marshall, P., Tompalski, P., Crawford, P., (2017). Unmanned aerial
systems for precision forest inventory purposes a review and case study. For. Chron. 93, 71–81.

151

8.1.1

Tree identification and delineation
To compare the maximum tree heights from the DAP and ALS CHMs, 20 image

plots, each 20 m2, were established within the study area in parts of the stand that were
undisturbed between 2013 and 2015. The CHM of each image plot with a 10 m buffer was
extracted and individual trees were identified using a local maxima search followed by
crown delineation routines (Tompalski et al., 2014). Image plot extents were overlaid on
the CHM and all detected treetops within the bounds were included. Individual trees were
assigned CHM-derived heights. Treetop locations and crown extents for both ALS and
DAP datasets were processed to ensure the same trees were identified across both datasets.
Identified trees were classified as being detected in both datasets or in one dataset only.
Trees matched in both datasets were principally dominant individuals in the canopy with
the most prominent crowns. For the purposes of this analysis, it was assumed that all
matched trees were Douglas-fir.
8.1.2

Height and volume comparison
Individual matched tree height metrics produced from both the CHM and P95 in

both the ALS and DAP datasets for all image plot locations were compared (White et al.,
2015). CHM heights were validated using independent field measured sample plots in the
same study area at the time of ALS and imagery collection. The ALS CHM was shown to
under predict tree height by 4 %. This was likely due to laser pulses not intersecting tree
apexes. As a result, a correction factor was applied (Yu et al, 2004). Validation indicated
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that the DAP CHM did not experience the same problem due to the much denser point
cloud. In order to generate gross volume estimates for all matched trees, DBH for all
subject trees was required. To estimate these values, tree crown areas and their
corresponding CHM and P95 heights from locally validated samples were fit using local
data in equation [6] (Hall et al., 1989):
𝑫𝑩𝑯 = 𝒆 𝟐.𝟓𝟗𝟎𝟐𝟖𝟑+𝟎.𝟎𝟒𝟑𝟖𝟎𝟖 × 𝑯−𝟎.𝟎𝟎𝟏𝟑𝟖𝟏 ×𝑪𝑨

[6]

where DBH is diameter at breast height in cm, H is tree height in m, and CA is crown area
in m2.
After DBH was estimated for each tree, DBH as well as CHM and P95 heights were
used as inputs for equation [7], a Douglas-fir gross volume equation (BC Forest Service,
1976):
V = 10−4.383102+1.749240 ×𝑙𝑜𝑔10 (𝐷𝐵𝐻)+1.156410 ×𝑙𝑜𝑔10(𝐻)

[7]

where V is tree volume in m3 and DBH and H are as defined previously.
Height and volume estimates for matched trees were compared with local
independent field measured plots averaged over 21 years of measurements. Sampling
methodologies for these plots can be found in Marshall (1996). At the time of writing, the
most recent re-measurement period for these plots was completed at the end of the 2013
growing season.

153

8.2

Results

Figure 38: Canopy height model (CHM) height profile (m) of 2013 ALS (dark grey) and 2015 DAP
(light grey) and associated point clouds denoted by circles. Treetops can clearly be identified in both
data sets, outlining how the CHM local maxima were used to delineate crown extents and estimate
heights.

A total of 246 trees were detected across all image plots with 171 (70 %) being
detected in both data sets. The remaining trees were detected in only one of the data sets
(30 in the ALS and 45 in the DAP). Both the CHM and P95 heights of matched trees from
all image plots were compared (Figure 38 and Figure 40). Mean height growth for all trees
over the inter-inventory period was 0.68 m, with a standard error of 0.05 m for the CHM,
while P95 height increased by 0.50 m ± 0.05 m. Height growth was detected for 152 trees
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while 19 trees showed a reduction in height. Measured growth of well-growing trees on
independent field measured sample plots indicated average annual growth rates of 0.25 m
to 0.30 m over 21 years of measurements. Gross volume estimates for each matched tree
were produced using CHM and P95 derived heights and modelled diameter values. CHM
gross volume increased by an average of 0.05 m3 ± 0.005 m3 (Figure 39), while P95 gross
volumes indicated slightly less growth of 0.03 m3 ± 0.005m3 over the inter-inventory period
(Figure 41). These levels of tree volume growth slightly exceeded the growth found on the
independent sample in area (average ~ 0.01 m3 per year over the last 21 years).

Figure 39: Histogram of all 171 individually matched trees with their 2013 CHM gross volume (m 3)
estimates (dark grey) and corresponding gross volume (m3) increment estimates (light grey). The sum
of the gross volume and increment equates to the CHM gross volume estimate for 2015.
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Figure 40: Comparison of tree heights (m) for all ALS and DAP trees from the CHM (dark grey) and
95th percentile of height (light grey) along with tree growth statistics. 1:1 line shown.

Figure 41: Comparison of gross volumes (m3) for all ALS and DAP trees from the CHM (dark grey)
and 95th percentile of height (light grey) along with volume increase statistics. 1:1 line shown
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8.3

Discussion
The 2013 ALS data generated a baseline individual tree level inventory, providing

height, structure, and location information for each detected tree. The comparison of ALS
and UAS-DAP point cloud height data from both the CHM and P95 height in our analysis
indicated that individual trees can be matched across data types to update height and
volume for individual tree level inventories. Height and volume results indicate that UAS
acquired DAP CHM and P95 heights can be used for measuring growth. The technique
developed synthesis between the ALS and UAS-DAP point clouds in our study area to
produce individual tree inventory data, following the movement towards precision forestry
at local and regional scales (Holopainen et al., 2014).
UAS-DAP point clouds were effective in updating individual tree growth and
volume between 2013 and 2015. Estimates were within the limits of regional growth
models (Thrower and Goudie, 1992) and local independent field measured sample plot
data. CHM and P95 data both indicated that height growth decreased as total tree height
increased, potentially due to slowing of productivity associated with mature individuals.
Individual tree volume showed the opposite trend, where the volume increment increased
with larger trees. This finding agrees with assumptions that larger, taller trees may be
exhibiting slower primary growth, but that increased basal areas result in larger annual
volume increments. Past research into the relationship between ALS and DAP point cloud
metrics has shown that correlations between the two data types increase as height
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percentiles increase (Goodbody et al., 2016). Both the CHM and P95 heights were analysed
in our study to outline the consistency in growth and volume estimations between the two
metrics, but also to indicate that both are highly correlated and reliable for measuring forest
inventory metrics (White et al., 2013a).
Neither point cloud was error free. Due to the relatively lower point density of ALS
compared to the DAP point cloud, it is unlikely that the absolute apex of each crown was
detected (Ontiveros et al., 2005). It was for this reason that a height correction factor
produced from independently field measured sampled plots from the same ALS dataset was
applied to all ALS trees. Other issues that should be noted are the potential for artifacts
within individual tree crowns. The cumulative error of the ALS and DAP point cloud data
must be considered when utilizing the data being presented. Although a predominant
portion of the matched trees showed height growth and volume increases, some trees were
slightly shorter and indicated less volume in 2015 than in 2013, which could be artifacts
from both the CHM and P95 heights as well as DBH modelling. To more precisely quantify
the decreases in height associated with natural occurrences such as leader breakage, manual
field measurements would be needed.
The relatively short period from 2013 to 2015 between data set collections could
also have introduced inaccuracy due to measurement and precision errors potentially being
within the physical limits of tree growth (Wulder et al., 2008). In order to ameliorate the
potential for these errors in future studies, a framework to consider could involve broad
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scale ALS acquisition at 10 - 15 year intervals with regular 4 - 6 year UAS-DAP point
cloud updates for mature stands (White et al., 2013a). Although much more frequent than
current forest management standards, higher periodicity of inventory updates could help to
improve growth and yield estimates, while also providing spatial and structural information
related to areas of potential growth deficiency, competition concern, or treatment successes
and failures.
Descriptive statistics for individual trees provide managers with data that allow for
resource monitoring and guiding future harvest planning. Creation of conventional tabular
information paired with the 3D point cloud in the form of an EFI can allow managers to
better understand the development of composition, structure, and depending on sensors,
potentially the health of the trees on their land base (Näsi et al., 2015). The ability to
quickly operationalize UAS for DAP acquisitions also facilitates inventory updates in the
event of an unforeseen disturbance or scheduled harvesting. The proposed inventory
updating framework has the potential to maintain temporal and spatial accuracy of
operational areas, allowing managers to have consistently reliable forest resource
information (Lisein et al., 2013).
Estimating gross volume for individual trees increases the precision of forestry
practices and provides a basis for estimating the economic value of timber that metrics such
as tree height alone cannot. Managerial knowledge of how tree volume is changing from
year to year across their land base not only facilitates an informed long term planning
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process to maximize revenue from harvesting operations, but also allows the prioritization
of where and when operations are conducted. Having multiple tactical plans for operations
can reduce future economic uncertainty and help guide resource development. The
combination of individual tree volumes, heights, and locations could be used to guide
operational planning. Determining individual trees and areas that are suitable for harvesting
now or in the near future increases economic and environmental sustainability while
promoting progressive and precise forest stewardship and planning.
An inventory framework such as the one presented here has the potential to be used
as an ecosystem-based management and monitoring tool (Zhang et al., 2016). Having a
baseline and routinely updated EFI for a forest stand or harvested area may identify areas
that are in need of treatments such as commercial thinning, and how they could respond
post-treatment. Having accurate spatial knowledge of specific locations requiring
treatments rather than a large-scale application of treatments will reduce application time
and costs. By using UAS-DAP point clouds prior to, and after applications, managers can
gauge successes and failures, and modify future actions based on their findings.
Similarly, a multi-temporal EFI framework could help guide decision-making about
the location and characteristics of desirable timber. Such data can reduce the labour and
time intensity of field reconnaissance so resources can be allocated more effectively. As
technological advancements and reductions in cost for UAS compatible ALS sensors
become more prevalent, the widespread collection of these data will become more
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prominent (Zhang et al., 2016). The landscape level coverage of ALS data provides
managers with spatially and temporally accurate models of operational areas. Block
development and site plan information related to road and skid trail planning, presence and
locations of streams and potential archaeological sites, stratification of stand types, and
accurate estimates of fundamental tree parameters such as height and volume provide
planning and operational information from which managers can make informed decisions
on harvest methodologies and timing. Information on terrain and stand characteristics can
help guide managers in optimizing harvest equipment being deployed to harvesting sites,
thus reducing logging costs and improving the efficiency of operations. EFI information
about log volumes prior to harvest can be used in conjunction with current market climates
to allow for better planning in the appropriate allocation of timber to specialist mills for
higher value end product generation. All of these operational decisions have significant
effects on the overall cost, efficiency, and sustainability of operations.
Given that 70 % of trees were matched across datasets, further research into the
improvement of tree detection and crown growing algorithms is needed to improve the
accuracy and reliability of individual tree inventories. Of the individual trees that were
matched, a majority were dominant in the canopy. For this reason research into refining the
detection and matching of non-dominant stems within stands would help to improve overall
detection and matching accuracies. The incorporation of spectral data from UAS
orthoimagery, which is already used in the DAP process, along with CHMs could help to
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refine tree detection and matching methodologies. Furthermore, acquiring high resolution
visible as well as NIR imagery could help to improve accurate identification of individual
tree species, health, and outline potential areas of management concern (Näsi et al., 2015).
Accurate species identification will reduce uncertainty in applying species specific DBH
and volume models in mixed stands, expanding the scope of our case study methodology.
8.4

Conclusions
This case study confirmed the potential of UAS-DAP as a forest inventory tool and

illustrates an effective method to update pre-existing ALS EFIs. The ability to produce tree
height and volume growth estimates using both ALS and DAP point clouds over time
provides spatial and quantitative data that can guide future operational decisions. With
ongoing research and development, generating and updating EFIs using ALS and UASDAP point clouds will likely become the standard for providing informative, cost-effective,
and spatially accurate information in support of precision forest management.
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Chapter 9:

Conclusions

9.1

Dissertation objectives
The objectives of this dissertation were to:
•

Review, examine, and report on the successes and limitations of DAP for
characterizing forests of varying structures.

•

Determine possible use of DAP in generating, extrapolating, and updating EFI data.

•

Assess DAP-derived inventory products and datasets for their potential to monitor,
update, and expand inventory knowledge, as well as inform multi-level forest
management initiatives.

These themes were addressed by answering each of my research questions (Figure 1) as
detailed below.
“What is the state of DAP research with regard to enhancing forest inventories, and what
is the capacity to create, update, and monitor EFIs in maturing stands using DAP?”
The in-depth literature review and discussion presented in Chapter 2 provides
substantial justification for the integration of DAP to update landscape level, area-based
EFIs. Chapter 7 and 8 reiterate these findings at the local operational scale, indicating that
DAP is flexible in terms of its ability to provide multi-scale information. The amalgamation
of a wealth of DAP literature providing comparisons to ALS data indicates that DAP data
are more cost-effective and analogous in accuracy. The caveat to these statements is that a
high resolution DTM must exist to facilitate DAP normalization, perhaps the largest
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challenge to operational implementation of DAP. However, the literature also outlines its
potential for synergy in updating ALS EFI baselines.
Chapters 7 and 8 demonstrate that DAP is effective at delineating the spatial
distribution and magnitude of selection harvesting in harvest ready stands, as well as
updating tree-level attributes. In general, these findings demonstrate that DAP is an
effective multi-scale updating tool providing inventory data capable of informing
operational, tactical, and strategic management strategies.
Peer-reviewed evidence related to DAP’s accuracy, cost-effectiveness, and potential
for estimation of standard and novel forest attributes indicates that these data should be
strongly considered for integration into multi-temporal EFI frameworks. DAP is
consistently shown to be a viable option for establishing linkages among forest inventories
with varying objectives, helping to establish ecosystem-based management approaches.
“How does seasonal timing of DAP acquisitions influence its ability to provide accurate
terrain information in sparsely forested openings?”
As described throughout this dissertation, a major challenge with using DAP is that
it is often reliant on high resolution DTMs, such as those produced using ALS, to produce
accurate and reliable EFI data. Outcomes from Chapter 4 indicated that DAP point clouds
were capable of generating DTMs that were comparable with a reference ALS DTM in a
deciduous dominated low canopy cover site. Accuracy of these DTMs decreased with
increasing vegetation cover. DTMs acquired in spring, late-fall, and early-winter were the
most accurate. This analysis confirmed that seasonal vegetation differences affected the
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performance of DAP for producing DTMs, providing managerial insight into the timing of
DTM generation for maximizing data utility and accuracy. The fundamental limitation of
DAP for generating accurate terrain models outside of low cover, deciduous dominated
sites still holds true. The methodology presented in Chapter 4 is opportunistic and entirely
dependent upon site conditions. Results from this Chapter provide potential methodologies
for managers to generate accurate terrain information in harvested areas that otherwise
would require alternate technologies to generate accurate terrain information.
“Can temporal and spatial knowledge of forest regeneration be improved using DAP?”
In Chapter 5, DAP structural and spectral metrics were found to have potential to
characterize post-harvest regeneration of various ages. Novel inventory attributes including
the accurate classification of forest cover, their spatial distribution, and structural
composition wall-to-wall provide effective tools for meeting silvicultural obligations and
planning management strategies. These findings are timely in that silvicultural surveying is
conducted over vast areas of forest annually, is time intensive, and requires further
characterization to better integrate with growth and yield projections. Novel and
informative silvicultural data products such as those presented in Chapter 5 provide a basis
for linking data on early forest development with already established projection models.
The inclusion of these data could help to establish linkages between inventories, and
improve estimates of early forest growth.
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“What are the values of DAP spectral and structural metrics for spatially modelling
biotically disturbed stands and standard inventory attributes?”
Climate change is expected to alter the magnitude and spatial distribution of biotic
disturbances. Chapter 6 focused on the need for spatially explicit, detailed information on
the extent and severity of forest health issues, specifically cumulative eastern spruce
budworm defoliation, to establish proactive, data-driven management approaches. While
traditional methods of delineating forests affected by annual defoliation through sketch
mapping surveys provide useful information, consistent and cost-effective approaches to
forest health surveying and inventory management are needed. DAP spectral metrics were
found to be effective at modeling the severity and distribution cumulative spruce budworm
defoliation at a landscape level, providing a means of monitoring defoliation trends.
Chapter 5 and Chapter 6 outline the dual analytical potential of DAP data in that
they provide both spectral and structural information. This is of importance for forest
management firstly, because spectral metrics can accurately model the spatial distribution
and magnitude of defoliation across a landscape, and secondly, because structural metrics
are effective for estimating standard forest inventory attributes such as volume and basal
area. This indicates that DAP data can serve dual purposes in providing both forest health
information and improving inventory attribute estimates from a single image acquisition. A
key point with reference to these acquisitions is that many jurisdictions already have
established multi-year funding for the purpose of routine photo-interpretation. Therefore,
the methodologies presented have promise for being integrated into existing and future
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stereo-image surveys to capitalize on previously unrealized economic value, enhance
spatial knowledge on forest health, and improve landscape-level inventory content.
“What are the drivers for acquiring DAP data using UAS?”
Although not the primary focus of this dissertation, UAS platforms were
demonstrated to be effective for forestry stereo-image acquisitions at an operational scale.
The literature review of UAS in Chapter 3 indicated their cost-effectiveness, potential for
rapid operationalization, and propensity to acquire high resolution data at a local
operational scale. Integration of these platforms into forest inventory and interdisciplinary
ecological research is happening extremely rapidly. The use of these platforms can be
described as the democratization of remote sensing in that data parameters are defined by
user needs. There is no doubt that technological and legislative advances will continue,
improving rationale for the use of these platforms in forest management. It is my opinion
that UAS integration into forestry is a paradigm shift in conceptualizing and implementing
management. It will soon become a survey tool as common as a compass or clinometer.
Cost is a major factor that influences the decision of commercial forest licensees to
conduct routine forest inventory updates. The adoption of large scale ALS coverage over
the past decade has proven informative, cost-effective, and efficient in providing
information that characterizes forest structure and terrain while quantifying potential
harvest volumes (Wulder et al., 2008). Given the results of Chapters 4, 5, 7, & 8, further
economic benefits and improved inventory frameworks can be realized by supplementing
traditional aerial vehicles using ALS with new, state-of-the-art UAS technologies (Lisein et
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al., 2013; Tao et al., 2011). Apart from lower capital and operational costs when operating
at local operational scales (< 100 ha), UAS have a rapid operationalization capacity, an
enhanced ability to control spatial and temporal resolution of outputs, and a reduced
potential for risks to flight crews (Tang and Shao, 2015).
An added benefit is that UAS development is ongoing, providing opportunity for
producers and developers to continually improve system utility to match the needs of
consumers such as the forest industry. Partnership and collaboration such as this should be
welcomed to improve the overall efficiency and effectiveness of UAS and sensor
development as well as forest management practices.
9.2

Research innovations
This dissertation provided key innovations for outlining the potential of DAP for

characterizing forests and informing EFIs:
•

Novel approaches that incorporate DAP acquisitions within an EFI updating
framework are highlighted in Chapters 2, 4, 5, 7 and 8. This work has better
informed the capacity of DAP to characterize forest structure and produced
accurate methods of generating standard and novel inventory attributes to improve
the spatial and temporal accuracy of EFIs.

•

Chapter 4 established new insights into the significant relationship between
vegetation phenology and the accuracy of DAP derived terrain models in low cover
deciduous dominated stands. This information can support rationale for
management and data acquisition decision-making, enhancing the utility and
accuracy of desired terrain information. This method forms a means of generating
EFI baselines for multi-temporal analysis.
168

•

A reconceptualization of post-harvest regeneration inventories is presented in
Chapter 5. The acquisition of high resolution DAP data shows significant promise
for facilitating effective silvicultural management strategies, providing reliable
estimates of spatial distribution and structural content, and consequent products that
promote due-diligence. Continuation of research into this methodology is being
actively pursued.

•

Originality in the use of both the structural and spectral components of DAP, as
well as developing insights into their comparative importance, was conducted in
Chapters 5 and 6. The benefits of both data sets from a single DAP acquisition
promote their cost-effectiveness and potential for further EFI product innovation.

•

Substantial evidence of the potential to use UAS as a viable imagery acquisition
platform is presented in Chapters 3, 4, 5, 7, and 8. These chapters are evidence of
the early adoption of UAS technology for forest management, some of which
(Chapters 5, 7 & 8) have been well referenced in the greater body of remote sensing
of forestry literature.

9.3
9.3.1

Research limitations
Study locations and sample data
Study areas used in this dissertation are small in the context of global forests. All

analytical chapters were focused on Canadian forests and forest management approaches.
Studies were often conducted to determine methods for meeting and augmenting Canadian
forest management objectives. These analyses do not directly relate to the diverse and
variable forests in other nations. I acknowledge that not all structural compositions of these
forests have been tested using DAP, and that transfer of methodological approaches and
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achieved results should be conducted accordingly. Ongoing benchmarking and
development of DAP forest inventory products in these areas is of great research interest.
Availability of sample data in the form of timber cruises and regeneration surveys
was determined by available budget and time constraints. I acknowledge that sample sizes
larger than those used in some chapters would be ideal for improving statistical
relationships and confidence in results. However, I did make every effort to maximize
sample data quality and quantity given limited time and budget.
9.3.2

Image matching algorithms and software
A secondary caveat to this research is that the generation of DAP point clouds and

consequent analytical products are reliant on available image matching algorithms and
processing suites. Software such as Pix4D, used in Chapters 5, 7, and 8, and Agisoft
Photoscan used in Chapters 4 and 6 are proprietary, not specifically designed for 3D
reconstruction of vegetation, and their image-matching algorithms are predominantly
guarded from users. The internal workings of these software are black-boxes, limiting the
ability of researchers to better understand how they work and fine tune parameters to test
their influence on DAP products. Additionally, these software are in continual
development, meaning that algorithm functionality is constantly changing, potentially
leading to varying spectral and structural characterizations of forests. As algorithm
capabilities progress, especially for reconstruction of vegetation, the methodologies
employed in this dissertation may need to change alongside image-matching development.
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Furthermore, there is no standard method for DAP point cloud generation and postprocessing. The methodologies employed in this dissertation were chosen based on peer
reviewed research, which often call for standardization of DAP processing and
parameterization benchmarking.
9.3.3

DAP as a compromise technology
This dissertation outlines that DAP is a technology capable of integration into

multiple aspects of forest inventories; however, I also believe that there is rationale for
describing these data as a compromise technology. This description is largely based on the
fact that DAP is a cost-effective alternative to state-of-the-art, often cost-restrictive, remote
sensing technologies like ALS and hyperspectral imagery.
9.3.3.1

DAP and ALS
Chapter 1, 2, 7 & 8 outlined that ALS is capable of characterizing forests more

comprehensively and accurately than DAP, and that ALS derived DTMs are often
fundamental to using DAP for updating EFIs. While results in Chapters 4 and 5 indicated
that DAP is capable of generating DTMs in regenerating forests that can be used in
consequent multi-temporal analyses, DAP is still dependent on ALS DTMs for deriving
accurate and meaningful inventory products in most stands.
Currently, DAP is not an ALS replacement. I advocate that the synergistic use of
both technologies to form an effective inventory updating framework is promising.
However, DAP is a compromise to ALS and it can provide analogous upper canopy
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characterizations for a cheaper price, but it is unable to characterize forest structures that
may be of interest to managers as effectively as ALS. For example, the characterization of
forest understorey and other sub-canopy structures is never conducted in this dissertation
largely because DAP is only able to characterize the outer canopy surface of forests. This
does not mean that DAP is an inferior technology to ALS, but rather that it has limitations
that must be acknowledged prior to its acquisition and use for informing forest management
scenarios.
9.3.3.2

DAP and hyperspectral imagery
While DAP is a compromise to ALS in some aspects, it is also capable of

characterizing forests in ways that ALS cannot. Most importantly, as outlined in Chapters 5
and 6, DAP can also provide spectral data from acquired imagery. Results in this
dissertation indicated that DAP spectral data is effective for providing information on land
cover and severity of cumulative spruce budworm defoliation, although the spectral
resolution of this imagery is often limited. This is again an instance where DAP can be
viewed as a compromise technology. The results within this dissertation indicate the future
promise of being able to integrate DAP to provide cost-effective forest health data.
However, other research has shown that using hyperspectral imagery provides more data
rich spectral information that facilitates better spectral characterizations and modelling
outcomes. As cost reductions for hyperspectral sensors become reality, perhaps their use for
photogrammetric approaches will become more common.
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Additionally, this dissertations use of DAP spectral metrics were limited to only two
applications. Further research into the use of these data should continue, especially DAP’s
ability to characterize defoliation patterns and severity from different biotic agents, such as
mountain pine beetle (Dendroctonus ponderosae), or stress responses from fungal
disturbances.
9.3.4

UAS
This dissertation did not look to compare different UAS platforms or available

sensors. I relied upon previous research for deriving information related to the cost/benefit
of UAS and their operational feasibility. At the time of writing, commercially available
UAS are limited to operational coverages, though changes in regulations and advances in
hardware and software are expected to take place. The following section outlines the
importance of ongoing research into UAS platforms and sensors for forest inventory
applications.
9.4

Future directions
While incorporating DAP into EFI frameworks is clearly beneficial, there are also

logistic and scientific justifications for continued research (Figure 42).
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Figure 42: Summary of where additional research is warranted to improve the potential of DAP for characterizing forest structure and enhancing forest inventories.
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9.4.1
•

Acquisition planning

Standardization and benchmarking for flight altitude, image overlap, ground sample
distance, sensor types, and illumination conditions.

•

Further explore UAS platforms and sensors for forest inventory data acquisitions.

•

Investigate new forms of ALS technology for characterizing terrain surfaces, including
single photon systems.
An area that requires rigorous sensitivity analysis is with respect to how differences in

acquisition parameters such as altitude, GSD, and across-track overlap influence the viability of
produced point clouds for forest inventory applications. Some such studies in this area have been
recently conducted (e.g., Bohlin et al., 2012; Granholm et al., 2015; Iqbal et al., 2018; Nurminen
et al., 2013; Puliti, 2017); however more research is required to outline best practice approaches
for different forested ecosystems. Forests varying in their vertical and horizontal structure could
necessitate varying parameter levels to achieve best photogrammetric processing results.
One of the major inhibitors of conducting parameter benchmarking experiments is high cost.
The use of UAS for quickly operationalized, cost-effective, and efficient image acquisition
campaigns could help to illuminate how differences in acquisition and point cloud processing
parameterization impact variation of modelling outcomes (Goodbody et al., 2017b; Puliti et al.,
2015). Studies focusing on how UAS can be used to establish parametric benchmarking and
standardization will help to improve the utility and value of data acquired using conventional
manned aircraft. Some parameters such as flight altitude may be more difficult to benchmark due
to regulatory restrictions and compatible sensor differences.
As described in Chapter 3, UAS platforms and their associated sensors are diverse in
hardware and software. Rapid technological innovation in this field prompts the need to
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continually test these systems to better understand how they can be used to achieve management
requirements alongside evolving legislation. A manager needs to be able to confidently use a
variety of UAS airframes and sensors to achieve reliability, cost-effectiveness, and consistency
of inventory products.
The need for an ALS derived DTM is fundamental. The advent of new ALS technologies
such as single photon lidar may enable cost effective landscape level characterization of the
ground surface with sufficient accuracy to support DAP normalization. Single photon systems
have the ability to fly at higher elevations and faster speeds, acquiring ALS data for less cost
than currently standard systems (White et al., 2013a). This raises the potential for DAP data to be
used to support forest inventory frameworks, especially in areas beyond existing EFI boundaries.
This would allow EFIs to be used to update previous conventional photo-based inventories and
modernize landscape level forest inventory assessments. Further inquiry into the potential of this
technology is needed.
9.4.2

Data processing

•

Optimize parameterization of image-matching software for varying forest environments.

•

Establish standardized photogrammetric and point cloud processing workflows and tools.
Image-matching algorithms with a focus on forest vegetation reconstruction are needed.

Current algorithms, although showing success, could be optimized for vegetated environments,
helping to further enhance the capacity for area-based estimations using DAP.
Physical characteristics of forests and the local environment that pose problems to DAP
point cloud generation also require a higher level of inquiry. Studies have found that shadowing
and solar angle / illumination (Honkavaara et al., 2012; Rahlf et al., 2017; St-Onge et al., 2008;
Stone et al., 2016; Vastaranta et al., 2013), occlusion from neighbouring tree canopies (St-Onge
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et al., 2015), and tree swaying caused by wind (Dandois and Ellis, 2010; Näsi et al., 2015) have
contributed to problems with point cloud generation (Iqbal et al., 2018). Robust analyses into
these potential sources of variability in point cloud generation will help to establish best practice
conditions, as well as outline potential sources of error and how to manage them effectively prior
to stereo-image acquisitions.
Studies that describe how photogrammetric algorithm parameterization can influence point
cloud utility for area-based estimates are needed. Iqbal et al., (2018) provided a detailed
description of how processing parameterization within Agisoft Photoscan (2018) can influence
point cloud outputs and found that differing levels of Key Point Limits, Quality, and Depth
Filtering parameters were relatively robust to differences in processing strategies. These results
demonstrate that parameterization differences using this particular software do not adversely
influence point cloud utility. Given that processing speed is determined by hardware
components, these results are encouraging for being able use parameters with lower processing
requirements and still achieve point clouds capable of being used for generating EFI products.
While promising, analyses that test parameterization in a range of commercially available and
open-source photogrammetric software for the purposes of forest inventory applications such as
Probst et al., (2018) are needed to help establish best practices parametrization routines.
9.4.3

Inventory update and model development

•

Systematic testing of spectral metrics for estimating species-specific forest variables.

•

Assessing the robustness of DAP for segmenting forest strata related to ALS derivatives.

•

Calibration of DAP canopy closure estimates to reliably detect change.

•

Assess potential for area-based model and coefficient transferability following DAP
acquisitions.
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•

Investigate how estimation accuracies vary across differing forest conditions, especially in
larger and more complex stands.
The provision of spectral information from stereo-imagery could play an important role in

further deriving qualitative differences in the forested landscape. Investigations of the potential
to utilize spectral indices in combination with structural metrics for area-based outcomes should
continue.
The integration of these metrics for assessing how well DAP is able to stratify forest
landscapes could also be important. Continued assessments of where DAP is successful or
limited in stratifying landscapes are important steps for more seamless inventory integration.
Landscape level investigations looking to determine DAP’s effectiveness for stratifying forest
types as well as stand-level assessments to outline canopy closure are needed. White et al. (2018)
indicated that DAP did not accurately map canopy gaps compared to ALS, and called for further
research into its ability to measure size and quantity of canopy gaps. They outline that DAP data
are not capable of characterizing small canopy openings and are challenged by shadows and
occlusions prevalent in mature forest canopies.
Using DAP to update previously established ALS EFI attributes requires investigation into
the potential transferability of area-based models and their coefficients. Relationships between
DAP and ALS metrics have been well described; however, details on the potential ubiquity of
models across forest types has yet to be conducted in detail.
9.4.4

Forest change and growth

•

Potential to use archival stereo-imagery acquisitions to inform forest change.

•

Capacity for multi-temporal DAP structure data to inform site index and age.

•

Synergistic use of ALS and DAP for improving growth and yield projections.
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Synergistic uses of ALS and multi-temporal DAP acquisitions are showing increasing
promise for accurately estimating growth and yield attributes such as height, site index, and age.
Analyses capitalizing on the availability of long-term photo archives such as Vastaranta et al.
(2016), who developed and tested an approach to estimate stand age, and Véga and St-Onge
(2008, 2009), who showed the potential to estimate and spatially map site index and growth,
present promising analytical frameworks. Stepper et al. (2014), who assessed forest height
changes using regularly acquired aerial imagery, suggested that CHMs derived from repeat aerial
image surveys can be a viable and cost-effective way to monitor forest height changes through
time. Studies such as these indicate that the estimation of these attributes can be conducted using
available stereo-imagery archives, improving the quality and completeness of forest inventory
databases.
A template matching approach proposed in Tompalski et al. (2016) for integrating area-based
inventories with growth and yield simulators is also promising. Methodologies propose the use
of multiple attributes such as volume, basal area, and height to define a growth curve for a
spatially explicit area. This method could provide improved and more spatially detailed results
than using traditional polygon-based approaches. Adding to this work, Tompalski et al. (2018)
also looked to determine whether improved growth curve assignments could be realized with the
addition of a secondary DAP time-step. Other approaches to assimilating remote sensing data
sets such as Nyström et al. (2015), who tested the ability to use a DAP-derived CHM time series
in combination with growth models, showed promising results for incorporating multiple types
of remote sensing data to provide spatial layers of up-to-date estimates of forest stand
predictions. Further research into data assimilation approaches and multi-temporal modelling of
growth and yield curves using DAP data sets is warranted.
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9.5

Closing statement
The findings of this dissertation demonstrate that DAP point clouds and underlying

technologies capable and effective at characterizing forest structure and enhancing forest
inventories. Chapters presented herein have detailed that DAP point clouds, which can be
generated using aerial imagery from a variety of sensors and platforms, are capable of providing
quantifiable benefits to forest inventory programs. While DAP is often dependent on ALS data
for its terrain information, the spatial, structural, and spectral data it provides over forested
environments can help to enhance the value and utility of forest inventories. In my opinion,
results presented in this thesis, as well as in the greater body of DAP forestry research, justify its
integration into multi-temporal inventory frameworks. My hope is that the methodologies and
discussion presented in this dissertation fairly describe the potential value of these data and
underlying technologies, the need for further research into their limitations, and the opportunity
they present for improving forest management decision making.
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Appendix A: Summary of parameters used in studies comparing ALS and DAP for forest inventory attribute estimation. See Figure 7 for % RMSE
comparisons.
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