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ABSTRACT
Non-Destructive estimation of aboveground forest biomass involves the use of allometric equations. Such
equations require forest tree parameters as input such as stem diameter (DBH), tree height, wood density or
canopy projected. Various studies have been carried out to estimate these parameters, using different forms of
remote sensing datasets each with its individual limitations. In this work, a proximal system dataset, namely an
optical imaging UAV dataset was assessed for robustness in the extraction of forest tree structural parameters.
Assessment of the UAV derived dataset was conducted using two methods; object based image analysis for the
extraction of individual tree canopy projected area in relation to varying image spatial resolution and accuracy
assessment was using the goodness of fit approach. Also, a segmentation time analysis was conducted for the
UAV derived dataset in relation to image spatial resolution. Canopy height modelling was conducted for the
extraction of individual forest tree height from the UAV derived datasets individually and in relation to the
LiDAR datasets, Accuracy assessment of this was conducted using the root mean square error approach. Also,
a sensitivity analysis was conducted on biomass values modelled using extracted tree crowns and extracted tree
heights.
Results of the object based image analysis, showed considerable segmentation accuracies which were unrelated
to the spatial resolutions of the images but rather the calibration of the internal parameters of the segmentation
algorithm. Furthermore, results of the segmentation computational time analysis showed that rather than the
image spatial resolution influencing segmentation time, segmentation time was actually influenced by the
quantity of pixels within images undergoing segmentation.
Also, based on the results of the canopy height modelling done within this research work, it was concluded that
optical imaging UAV derived datasets, depending on mounted UAV sensor has a high potential for use in the
extraction of forest tree height. This was especially important has results of the sensitivity analysis showed that
modelled biomass values are significantly sensitive to forest tree height variation.

Keywords; Biomass, Allometric Equation, Tree height, Diameter, DBH, UAV, Orthophoto, DSM, DTM,
LiDAR, nDSM, CHM.
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1.
1.1

INTRODUCTION
BACKGROUND

A forest can be said to be a land area greater than 0.5 ha exhibiting a tree canopy cover which is more than
10% and is not primarily under agricultural or other specific non-forest land use (Convention on Biological
Diversity, 2012; Kleinn, 2000). Forests act as a universal carbon sink and source. Carbon sink in that they
sequester carbon through the process of photosynthesis which then becomes a component of forest tree
biomass and carbon source due to wood utilization which releases sequestered carbon back into the
atmosphere.
Forest tree biomass is the mass or amount of organic matter within a forest tree. The quantity of biomass is
expressed as a dry weight or as the energy, carbon, or nitrogen content of the plant (Assefa, Mengistu, Getu, &
Zewdie, 2013). Approximately 50% of dry tree biomass is composed of carbon (Assefa et al., 2013). It is thus
important to know the biomass within forest stands as this is directly related to how much carbon has been
sequestered and this is essential for the identification of significant sources and sinks of carbon in natural
systems (Sadadi, 2016). Furthermore, knowledge about biomass and carbon stock gives an estimate of how
much carbon can potentially be emitted into the atmosphere if these stands are harvested or felled.
The accurate measurement of forest tree biomass and its changes is a significant challenge faced by programs
aimed at reducing global emissions of carbon from deforestation and degradation of forests (Kankare et al.,
2013). The most accurate method to measure biomass involves destructive sampling techniques including the
felling of trees and weighing of all parts (Brown, 2002) however, these methods would not be suitable for
monitoring and evaluation of carbon fluxes within the forest.
Aboveground forest biomass can be estimated non-destructively through the use of allometric equations
(Dimitris et al., 2011; Kuyah et al., 2012). Such equations require forest tree parameters as input such as stem
diameter (DBH), tree height, wood density or canopy projected area (Basuki, van Laake, Skidmore, & Hussin,
2009; Ketterings, Coe, van Noordwijk, Ambagau’, & Palm, 2001; Sampaio et al., 2010). Various studies have
been carried out to estimate these parameters, using different forms of remote sensing. These include Airborne
Laser Scanning (ALS) generated point cloud data (Brovkina, Novotny, Cienciala, Zemek, & Russ, 2017; Ene et
al., 2016; Nelson et al., 2017) and Terrestrial laser scanning (TLS) generated point cloud (Kankare et al., 2013;
Liang et al., 2014; Mengesha, Hawkins, & Nieuwenhuis, 2015; Srinivasan, Popescu, Eriksson, Sheridan, & Ku,
1
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2015).
Gatziolis et al (2015) noted that tree crowns (CPA) are only partially reconstructed in some cases using airborne
laser scanning data. This is because a vast majority of the points within derived point clouds generated from
the airborne scan are positioned close to or at the very top of the tree crowns. He also highlighted portability
issues due to the unwieldy nature of the TLS (Gatziolis, Lienard, Vogs, & Strigul, 2015). Plot basis of TLS scan
(Liang et al., 2016) is another limitation of the TLS (Newnham et al., 2015). The labour intensity of moving the
TLS around and time requirement for plot set up and imaging limits the number of positions the TLS is placed
on each sample plot for imaging, and this can create partial occlusion within captured data (Mengesha et al.,
2015). Also, the denser the forest, the greater the occlusion within the TLS derived dataset and the lower the
final output quality due to omission error within acquired data (Liang et al., 2014). Furthermore, LiDAR (both
ALS and TLS) works by computing distance of the sensor from the incident object and as such point data
collected does not contain spectral information. This information missing from LiDAR has been postulated as
a weakness of LiDAR data in tree biomass estimation (Koch, 2010).
Radio Detection and Ranging, RADAR, (Sinha, Jeganathan, Sharma, & Nathawat, 2015) has been used.
However, RADAR has a problem of saturation. RADAR loses sensitivity to biomass once biomass surpasses
a particular saturation threshold (Joshi et al., 2015). The value of this threshold varies depending on band
combination and polarisation. Also, the roughness of the objects being imaged relative to the wavelength being
used and weather influences also pose limitations on RADAR usage.
A lot of research has also been conducted using very high resolution (VHR) satellite imagery. One of such
was performed for the prediction and mapping of mangrove forest biomass from canopy grain analysis using
the Fourier-based textural ordination of IKONOS images (Proisy, Couteron, & Fromard, 2007). Another
forest biomass related research work was carried out using worldview two imagery containing a red edge band
exploring the possibility of estimating biomass in a densely vegetated wetland by use of NDVI, normalised
difference vegetation index (Mutanga, Adam, & Cho, 2012). Spectral response modelling using satellite-based
remote sensing (Roy & Ravan, 1996) has also been done. Roy and Ravan (1996) as cited within Koch (2010)
showed that for biomass estimation, parameters referring to the near-infrared portion of the electromagnetic
spectrum such as brightness and wetness are relevant.
The Unmanned Aerial Vehicle (UAV) is a more portable equipment than either the airborne or terrestrial
LiDAR. Furthermore, depending on the nature of the mounted sensor, it can provide data which is optical in
nature with a very high spatial resolution. The UAV also presents an amount of flexibility in temporal scale of
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data acquisition (time of capture and capture interval). Furthermore, interpolated UAV point clouds can be
used for digital surface and terrain modelling and these, in turn, serve as inputs into canopy height models (Lim
et al., 2015).
The use of UAV imagery has the potential to reduce the problem of occlusion. This is because, during a UAV
flight, images of an object are taken from different positions and directions (multi-view image capture). When
a UAV Orthophoto (geometrically corrected image mosaic) is being generated using these images most places
which are occluded in one image are compensated for in other images (Chen, Briese, Karel, & Pfeifer, 2014;
Sheng, Gong, & Biging, 2003).
There are a variety of ways to process UAV image data into usable information, and one of them is imagebased modelling (IBM). Image-based modelling describes the workflow by which a three-dimensional model
of an object or an area of interest is generated from a set of two-dimensional imagery (Remondino & El-Hakim,
2006). The conditional requirement for this is that consecutive images of a scene have a percentage overlap and
are captured from a different position and/or orientation (Tahar, Ahmad, & Wan Abdul Aziz Wan Mohd Akib,
2011) i.e. it incorporates the concept of stereo vision which requires two identical cameras or one camera at
different positional and orientational displacements with parallel optical axis (the optical axis is an imaginary
line defining the light propagation path within an optical system) to observe an object or surface of interest.
Depth information can then be calculated on the basis of disparity (also known as parallax, disparity refers to
the positional difference in the image location of an object as perceived by two consecutive sensors) (Pollefeys,
Koch, Vergauwen, & Van Gool, 2000).
Further processing can be conducted to extract individual trees from IBM output. This can be done using
object-based image analysis (OBIA). Object-based image analysis is a form of image analysis which incorporates
both pixel and contextual information into the analysis of an image. Object-based image analysis techniques,
aim to delineate usable objects from remote sensing imagery while combining image processing and
geoinformation functionalities to integratively use spectral and contextual information (Blaschke, 2010). This
is mostly used for the extraction of CPA. For the extraction of the tree height, a canopy height modelling
(CHM) approach is widely adopted. Canopy height modelling is done by a surface differentiation. In order to
create this, a digital surface model (DSM) is normalised using a digital terrain model (DTM) of the area of
interest i.e. DSM – DTM (Park, Sohn, & Heo, 2015).
1.2

RESEARCH PROBLEM

Forest tree carbon stock is derived from forest tree biomass (aboveground), and this requires estimation models
which are dependent on forest tree parameters; Tree height, DBH, canopy projection area (CPA). These forest
parameters can be measured directly, but this is time, cost and labour intensive. Because of this, remote sensing-
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based techniques and tools are now more commonly used for extraction of these parameters, however, as can
be seen from the background, viability, applicability, and accuracy require evaluation.
A tree parameter of great importance in biomass estimation is the forest tree height. According to Chave et al.
(2014), Forest tree height accounts for about 50% of the input into biomass estimation models (Chave et al.,
2014) and this is a problematic parameter to extract using traditional remote sensing techniques. Ensuring
reasonable accuracy is of critical importance as errors in tree height estimates influence the values of tree
biomass as modelled using allometric equations (Valbuena, Heiskanen, Aynekulu, Pitkänen, & Packalen, 2016)
and this impacts on the accuracy and reliability of modelled biomass estimates. However, ensuring accuracy is
easier said than done as the only method of height estimation that is 100% accurate is a direct measurement
which in most cases, would require tree felling and this is not a viable option for forest monitoring and
evaluation.
Another required parameter is the DBH. This is the width of the stem which can be measured in the field for
each tree at the height of 1.37m above ground level. This is not a parameter that can be directly estimated from
remote sensing imagery. It, however, has a direct relationship with the tree crown projected area; CPA
(Shimano, 1997). The CPA can be extracted from remote sensing imagery using a wide variety of techniques.
However, the accuracy of each of these techniques needs to be evaluated to ascertain that margin of allowable
error is not surpassed.
Object-Based Image Analysis (OBIA) incorporates spectral and contextual information into the analysis of
remote sensing imagery for the extraction of specific geographic features of interest. This technique will be
used in this study. However, accuracy and computational time can pose constraints. As a rule, the accuracy of
OBIA has been said to vary directly with resolution (Huiping, Bingfang, & Jinlong, 2003). Research into the
nature of the relationship existing between resolution and accuracy of analysis for this particular analysis is
sparse. Furthermore, there has been very little research into the relationship between image resolution and time
requirement for image analysis.
It is thus very important to research into the relationship existing between image resolution and accuracy of
OBIA and also to analyse the relationship between image resolution and computational time requirements of
the OBIA process.
1.3

RESEARCH OBJECTIVES

1.3.1

GENERAL OBJECTIVE

The overall aim of this work is to evaluate the performance and relative accuracy of UAV data in the assessment
of forest tree parameters. Also, to estimate the optimal spatial resolution and computational time requirement
for this assessment.
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1.3.2

SPECIFIC OBJECTIVES

Within this research, specific objectives were subdivided into two broad categories; Object-Based Image
Analysis and Canopy Height Modelling categories.
x

Object-Based Image Analysis (OBIA);
i.

To evaluate the resolution at which the segmentation accuracy acquired from UAV sourced
Orthophoto is optimised using OBIA.

ii.

To model, the relationship between segmentation computational time and spatial resolution
of UAV derived Orthophoto at multiple resolutions during OBIA.

x

Canopy Height Modelling (CHM);
i.

To model the canopy height of forest trees within the study area from UAV data.

ii.

To assess and compare the accuracy of the canopy height model generated exclusively from
UAV data to UAV-LiDAR hybrid canopy height models.

iii.

1.4

To determine the modelled biomass sensitivity to tree height variation.

RESEARCH QUESTIONS

In relation to the specific objectives, research questions were generated.
x Object-Based Image Analysis:
i)

What is the percentage segmentation accuracy for CPA extraction from UAV orthophoto at a spatial
resolution of 4.8cm, 10cm, 15cm, 20cm, 25cm and 30cm?

ii) What is the relationship between the segmentation computational time and image resolution? Is it
significant, at α = 0.05?
iii) What other parameter significantly influences segmentation computational time? Is it significant at α
= 0.05?
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x

Canopy Height Modelling:

i)

What is the accuracy of a CHM generated using UAV datasets exclusively as compared to a CHM
generated using a UAV-LiDAR combination of datasets?

ii) What is the sensitivity of biomass estimates to variation in forest tree height?
iii) What is the biomass estimation error in relation to canopy height modelling inaccuracies?

1.5

RESEARCH HYPOTHESES

With respect to the research questions, research hypotheses were created.
x OBIA:
i)

Ho: There is no relationship existing between segmentation accuracy level and orthophoto
resolution for tree CPA extraction using OBIA.
Ha: There is a relationship existing between segmentation accuracy level and orthophoto resolution
for tree CPA extraction using OBIA.

ii)

Ho: Computational time required for OBIA does not increase with an increase in image resolution.
Ha: Computational time required for OBIA increases with an increase in image resolution.

x
i)

CHM:
Ho: CHM created from UAV datasets possess a higher RMSE than CHMs which incorporate both
UAV and LiDAR datasets.
Ha: CHM created from UAV datasets possess a lower RMSE than CHMs which incorporate both
UAV and LiDAR datasets.

ii)

Ho: At α = 0.05, Forest tree biomass estimates are not significantly sensitive to height estimation
inaccuracies.
Ha: At α = 0.05, Forest tree biomass estimates are significantly sensitive to height estimation
inaccuracies.
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1.6

CONCEPTUAL DIAGRAM

The development of the conceptual diagram took place after problem definition for this study. The relevant
interacting systems and data requirements were identified. This is briefly shown in Figure 1 below.

Figure 1; Conceptual Diagram, 2016.
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2.
2.1

MATERIALS AND METHODS
STUDY AREA

The area of interest is in Ahaus which is a municipality in the district of Borken, in the state of North RhineWestphalia, Germany. It is approximately 20 km to the south-east of Enschede and below is an image
depicting the study area.

Figure 2; Image of Study Area
2.1.1

CLIMATE

The climate in the study area is temperate. There is a significant amount of rainfall in, with precipitation even
in the driest month. This climate is classified as Cfb (warm summer) based on the Köppen-Geiger climate
classification (climate-data.org, 2016). On average the temperature in the study area is 9.2 °C with about 795
mm annual precipitation.
2.1.2

VEGETATION

Vegetation encountered within the study area was found to be, for the forest, both coniferous and deciduous
which are distributed both separately and in spatial admixture. The dominant species found within the study
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area during the period of the fieldwork include Alder, Beech, Birch, Douglas fir, European hornbeam, Mountain
Ash, Oak, Scots-pine, and Spruce. The main agricultural crop in the study area was maize. There was also some
grassland within the study area.

2.2

DATASETS AND PREPROCESSING

During this study, various datasets were used and these include datasets sourced from the processing of a type
G180 UAV optical imagery. The sensor on-board the UAV was a GR Lens 18.3 with a focal length of 18.3mm,
number of recorded pixels of 4928 x 3264 captured in RGB. The captured imagery were processed using a
photogrammetric workflow in Pix4D software as detailed below;
x

Initial Processing; This is done to perform matching of image pairs and camera calibration (Pix4D,
2016) and this required all the captured images to be loaded after which image matching, tie-point
extraction, camera intrinsic and extrinsic parameter optimization and sparse point cloud generation
was done. After this GCPs and tie-points were loaded and re-optimization was then conducted on
now oriented and self-calibrated images.

x

Point Cloud Densification; this is done to increase the density of the 3D points which were generated
from the initial processing which according to the Pix4D support webpage (Pix4D, 2016) increases the
accuracy for the outputted digital surface model and orthomosaic, using Area-Based Matching (ABM)
algorithms which utilize the cross-correlation principle. ABMs function by the determination, within a
search image, of the position possessing the highest possible similarity with a reference pattern.

x

DSM and Ortho-mosaic generation;


DSM; The DSM is generated by triangulation of the dense point cloud. This is outputted in
GeoTIFF format (Pix4D, 2016).
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Ortho-mosaic; this is otherwise known as the orthophoto. The Ortho-mosaic is generated
from the mosaicking of the orthorectified images (geometrically corrected images possessing
a uniform scale) for segmentation accuracy assessment of UAV sourced datasets (Rau, Chen,
& Chen, 2002).
The ortho-mosaic generated is a true orthophoto as it is generated with the DSM taken into
consideration (Rau et al., 2002). It is generated also in multiple GeoTIFF tiles which are later
merged into a single orthophoto (Pix4D, 2016).

The output from this procedure include;
x

Orthophoto; this originally possessed a spatial resolution of 4.8cm with red, green and blue bands
present.


To answer research question 1. It was resampled to 5 other resolutions; 10cm, 15cm, 20cm,
25cm and 30cm. These along with the original orthophoto were used for CPA extraction
using OBIA and segmentation accuracy assessment using the Area Error Proportion
approach.

x

Digital Surface Model (DSM); this originally possessed a spatial resolution of 4.8cm in grayscale. It
served as the input into the canopy height modelling section of this research work for the extraction
of tree height. There were 2 DSMs used during the course of this research work.


The first; DSM1, was the original output from the photogrammetric workflow having a spatial
resolution of 4.8cm.



The second; DSM2, was acquired from the resampling of DSM1 from 4.8cm to 1m.



A digital terrain model (DTM) was also produced from the Pix4D output. This was done by
the vectorization of the original digital surface model of the study area from raster to point
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format, erasing of all object point features (non-bare earth features) and then conducting a
spatial interpolation to fill the erased areas. This DTM, was coded as DTM1.
A second dataset was sourced from the district government of Cologne, Bezirksregierung Köln. This was
composed of a digital terrain model (DTM) of the study area. This DTM was extracted in two forms; NonVoid filled (No terrain values for areas on the DTM which coincided with real-world areas possessing objects),
this was coded as DTM2 and Void filled (having terrain values for areas on the DTM which coincided with
real-world areas possessing objects), this was coded as DTM3.
The third dataset was composed of ground control points (GCP) acquired using a GNSS receiver of type Leica
CS15 which is accurate to 2cm. This was used for post processing and georeferencing of the UAV images and
for the validation of the digital surface and terrain models.

2.3

FIELDWORK

The rest of the data used within this work was acquired during field work and this encompassed biometric
information about tree species present within the study area, relative distribution, and biophysical
characteristics; Tree Height and DBH.
2.3.1

FIELD DATA COLLECTION

The field data was collected in two phases;
i.

On a plot level, using stratified random sampling for plot siting. Sampling was done at an
intensity of 2%. This intensity was used due to the relatively low species diversity within the
study area. The circular plot structure was used and each plot had an area of 500m2. This
phase of the fieldwork was used to collect data on species composition, species distribution
and tree diameter. There were in total 17 plots sampled containing 410 trees.

ii.

On a tree level, using semi-purposive sampling. Semi-Purposive in the sense that locations
for sample collection were purposively selected but at these locations tree samples were
randomly collected. This method was used for tree height data collection. It was done so as
11
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to be able to locate field sampled trees on orthophoto during the tree height comparison and
modelled height validation. There were in total 52 trees sampled using this method.
The tree height within the study area was collected using the Leica DISTO D510, which
barring all exogenous factors (e.g. human error, treetop visibility et cetera) measures with an
accuracy of ± 1 mm with a maximum range of 200m (Leica Geosystems, 2017). Only trees
with a clearly visible top and which could be relocated on the orthophoto were sampled.
2.3.2

FIELD INSTRUMENTS

A variety of field instruments were used to carry out forest tree parameter measurements. These include; ASUS
tablet, Leica CS15 GNSS receiver, Leica DISTO 510, GPS, diameter tape (5m), measuring tape (30m),
Orthophoto prints and data recording sheets. Equipment and their uses are presented below.
Table 1; List of Instrument and Uses
Equipment

Use

ASUS tablet

Navigation and waypoint storage

Leica CS15 GNSS

For GCP collection

Leica DISTO 510

Tree height measurements

Garmin GPS

For navigation and plot location

Diameter tape

For tree diameter measurement

Measuring tape
Orthophoto Prints

For plot delineation
For visual location authentication and tree sample collection

Data recording sheets

For field data computation

First aid kit

For emergency treatment

Source; Analysis, 2016.
2.4

METHODS

The methodology employed within this study can be broadly categorized into these phases;
x

Field Data Collection and Analysis

x

Object Based Image Analysis
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x

Accuracy Assessment and Comparison

x

Segmentation Computational Time Assessment

x

Canopy Height Modelling

x

Canopy Height Model Comparison

x

Sensitivity Analysis of Biomass to Tree Height Variation

2.5

SOFTWARE

Different software packages and algorithms were used during different phases of this work for the processing
of the various datasets. This ranges from the software packages used for field data analysis to remotely sensed
data. Below is a table outlining the various software packages and their individual functions and uses.
Table 2; Software and Uses
Software
Pix4D

Use
Photogrammetric processing of UAV images

Cloud Compare

For point cloud visualization

eCognition

For OBIA

Erdas Imagine

For raster analysis

ArcMap

For image analysis

ENVI

Image processing

Microsoft Word

For reports and thesis writing

Microsoft Excel
Source; Analysis, 2016.
2.5.1

Statistical analysis

OBJECT BASED IMAGE ANALYSIS

The two main processes employed in OBIA are image segmentation and classification. However, in this
research work, image segmentation was carried out in order to break the image into discrete meaningful objects
and classification was done to separate and extract tree canopies from all other objects within the UAV sourced
orthophoto. This is an image processing approach that analyses an image to extract features of interest from it
based on the spectral and contextual information of the object feature and its surroundings.
13
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Object based image analysis was carried out on the orthophoto at varying resolutions to determine at what
resolution segmentation accuracy level was optimized. This was done in relation to the first objective within
this research work (page 5). These different resolutions of the orthophoto were acquired by the resampling of
the original orthophoto using bilinear interpolation. Bilinear interpolation was selected because it uses the
distance weighted average of the four nearest pixel values to estimate the value of a new pixel during
resampling (Thevenaz, 2009).
Ortho-photos, both the original (4.8cm) and the resampled, were clipped to the forest boundary extent and this
served as input for OBIA. The resolutions at which segmentation was done are 4.8cm, 10cm, 15cm, 20cm,
25cm and 30cm. This was done in answer to the first objective. Segmentation was done using the
multiresolution segmentation algorithm; this was chosen because objects of interest were found at different
scales in orthophoto simultaneously and the algorithm had to be dexterous enough to extract all these objects
simultaneously (Baatz & Schäpe, 2000).
Rulesets, which are a compilation of user defined parameters for the automation of information extraction
from data, were developed to optimize the performance of the algorithm on each individual orthophoto and
as such each ruleset developed was unique to each individual image. A flowchart showing the general workflow
is shown in Figure 4.
The developed rulesets specified seven (7) stages within the segmentation as shown below;
x

Image Segmentation; Image segmentation was done using the multiresolution segmentation algorithm,
the parameters were set as shown below.
¾ The image layer weights specifies the level of influence of each band and this was kept constant
for segmentation at all resolutions. These were set at RGB: 1, 5, 10 and 0 respectively. These
layer weights were set because it was noticed during pre-analysis of the image using the meanshift algorithm (a segmentation algorithm in ArcMap) that object seperability was high using
the 2,3,3 (Green, Blue, Blue) band combination. In order not to eliminate the red band
completely, its layer weight was set very low relative to the blue and green bands. The blue
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band had twice the weight of the green band due to their ratio in the band combination. The
last layer was empty and as such was set to a weight of 0.
¾ The scale parameter determines maximum allowable heterogeneity within segmented objects.
This was very resolution dependent. The value of the scale parameter was ascertained by the
trial and error technique. This entailed adjusting the scale parameter value while iteratively
segmenting the orthophotos, to determine the optimal value. The scale parameter value could
be estimated using the ESP tool in eCognition; this functions by considering the local variance
of object heterogeneity within a scene (Drăguţ, Csillik, Eisank, & Tiede, 2014), however, as
with the case of Wen et al., (2015), the trial - error technique was used due to the structural
diversity and particular areas of interest within the orthophoto.
¾ The shape criterion defines the textural homogeneity within the object. The shape criterion
factors in the smoothness and compactness parameters. The higher this value, the lower the
influence of color on the segmentation.

x



Smoothness; optimizes the resultant objects as regards to smooth borders.



Compactness; optimizes the resultant objects as regards to overall compactness.

Background Removal; this was a two-step process; background object classification (using ‘Assign
class’ algorithm) was used to classify all objects within the background of the orthophoto. The
background objects were then aggregated into one object using the merge region algorithm.
Background removal was done to exclude all non-forest objects within the region of interest (ROI).

x

Shadow Masking; the range of values for shadow masking differed for each individual resolution.
Within each individual ruleset the value was set-up based on the brightness values. This was also a twostep process done to exclude all shadow object features from the final output. This was also done using
the assign class algorithm to set the layer value range at which to classify shadow. Afterward the merge
region was used to merge all objects classified as shadow.
15
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x

Tree classification; after the previous processes were conducted, the remaining unclassified objects
were not further separable and as such were classified as trees and served as input to the next process.

x

Morphology; This process was subdivided into two stages;


Watershed Transformation; This works by assessing the image as a watershed possessing
catchment basins and ridges which separate different catchment basins from each other ( see
Figure 3). Using this technique, it tries to identify the basins and ridges within each image
object. In eCognition, this is done by calculating an inverted distance map based on the
inverted distances for each pixel to the image object border. This was used to correct for
under-segmentation.

Figure 3; Watershed Model and Output; Eddins, 2017.



Tree Closing; the algorithm ‘morphology’ was used for the tree closing. Operation was set to
’close image object’ in order to make the boundaries of the objects match mask by adding
pixels from outside the object rather than by removing pixels from within the object. The
mask was specified as circular with a given width. This was used to make image objects mimic
reality by making objects more circular in appearance.

x

Undesired Object Removal; after tree closing, all objects with area less than 2m2 or elongated shape
were removed using the ‘remove object’ algorithm.
16
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x

Image Export; image objects classified as ‘tree’ were exported as a vector layer, in shapefile format
(*.shp) for further analysis in ArcMap.

2.5.2

SEGMENTATION ACCURACY ASSESSMENT AND COMPARISON

Accuracy assessment for segmentation was carried out using area error estimation techniques (Möller,
Lymburner, & Volk, 2007). This was done by comparing exported image objects outputted from OBIA to CPA
digitized by using visual image interpretation. The segmentation accuracy was computed in three phases as
described in Clinton et al (2010) (Clinton, Holt, Scarborough, Yan, & Gong, 2010).
x

Oversegmentation ; Overestimated ( = )݅ܦܣ1 – [ܽ )ܴ݅ܣ ∩ ݅ܦܣ( ܽ݁ݎ/ ܽ])݅ܦܣ( ܽ݁ݎ

x

Undersegmentation ; Underestimated ( = )݅ܦܣ1 – [ܽ )ܴ݅ܣ ∩ ݅ܦܣ( ܽ݁ݎ/ ܽ])ܴ݅ܣ( ܽ݁ݎ

x

Total Detection Error;

Total detection error (ߝ = )݅ܦξሾሺܱ݊݅ݐܽ݉݅ݐݏ݁ݎ݁ݒଶ  ܷ݊݀݁݊݅ݐܽ݉݅ݐݏ݁ݎଶ ሻȀʹሿ
Where,
 = ݅ܦܣDetected Objects,
 = ܴ݅ܣReference Objects
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In Figure 4 below, a flowchart shows the sequence with which the object based image analysis was
conducted.

Figure 4; OBIA workflow and Segmentation Accuracy assessment
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2.5.3

ANALYSIS OF SEGMENTATION COMPUTATIONAL TIME AS A FUNCTION OF IMAGE RESOLUTION AND
PIXEL COUNT

Computational time analysis was carried out to model the relationship between the segmentation
computational time, image resolution and image pixel count. This was done using a multiple linear regression
in Microsoft excel.
The computational time was set as the dependent variable while the resolution and pixel count were both
set as independent variables. The regression model form is below.

Y = β1x1 + β2x2 + C
Where,
Y = Segmentation computational time
X1 = Image resolution
X2 = Image pixel count
β1 = Regression coefficient of image resolution
β2 = Regression coefficient of image pixel count
C = y-intercept
2.5.4

CANOPY HEIGHT MODELLING

During this aspect of this research, three canopy height models were developed. A brief description is given
below.
x

The first canopy height model was created strictly based on output from the photogrammetric
processing of the UAV images. This surface (i.e. CHM1) was developed at a resolution of 4.8cm
which is commensurate with all other datasets generated from the UAV data.
Datasets used in creating this canopy height model were the DSM1 (the original pix4D output,
4.8cm resolution) and DTM1 (DTM interpolated from DSM1 ground values). The DTM1 was used
to normalize DSM1 in order to create the first canopy height model (CHM1). The processes
undergone to generate this are detailed in Figure 5.

x

The second canopy height model; CHM2, was produced from the normalization of DSM2
(resampled digital surface model, resampled from 4.8cm to 1m to make it commensurate with
LiDAR data) using DTM2 (originally non-void filled ALS DTM). The output of this process within
the forest area was the second canopy height model; CHM2 with a spatial resolution of 1m. The
processes undergone to generate this are detailed in Figure 6.
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x

The third canopy height model; CHM3 was produced also, from the normalization of DSM2.
However in this instance, DTM3 (the already void-filled form of the ALS LiDAR) was used for the
normalization in order to produce the third canopy height model, CHM3, at a spatial resolution of
1m. The processes undergone to generate this are detailed in Figure 7.

These CHMs were all created as shown in the flowcharts below. The first shows the work flow of CHM1
created strictly from UAV data, the second flowchart shows the work flow of CHM2 which was created
from a combination of DTM2 and DSM2, the third flowchart shows the generation of CHM3 using DTM3
and DSM2.
The flowchart in Figure 5 details the step-by-step processes undergone to generate the first canopy height
model. There were two primary dataset inputs; the DSM1 generated from Pix4D at spatial resolution 4.8cm
and an object shapefile generated from digitizing around all object features (forests & buildings) within the
study area. A copy of the original DSM; DSM1, was vectorized (raster to point) and all feature points within
the object shapefile were erased i.e. object points in order to create a point dataset containing only terrain
point features. These remaining point features were then used to interpolate a new surface with only terrain
values (DTM1; 4.8cm). The surfaces were validated using ground control points (GCPs). The next step
involving a surface differencing (minus; DSM - DTM) was then conducted to normalize the DSM and
output a canopy height model; CHM1.
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Flow-Chart Showing CHM1 Processing Workflow

Figure 5; Flowchart of CHM1 workflow, Canopy Height Modelling (2016).

The flowchart in Figure 6 depicts the workflow undergone to create CHM2. The primary dataset inputted
into this processing included DTM2 (originally non-void filled ALS data) of 1m resolution and DSM2
(resampled DSM from 4.8cm to 1m) of 1m resolution. DTM2 was extracted without inclusion of data about
the object features within this surface (this was done in order to make a comparison between this DTM;
DTM2 and the Pix4D DTM; DTM2 and also to compare the resultant canopy height models produced
using both these DTMs; CHM1 & CHM2 ).
The point cloud was then rasterized into a surface however, due to the excluded data, surface sections which
possessed object features were having “Nodata” surface values (void surface values). To void-fill this
surface, a surface interpolation was done to interpolate values for object feature surface sections. A surface
difference was then done to normalize DSM2 using DTM2 to produce a canopy height model, CHM2, of
1m resolution.
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Flow-Chart Showing CHM2 Processing Workflow

Figure 6; Flowchart of CHM2 (1m) workflow, Canopy Height Modelling (2016).

The processing of the third canopy height model followed the same procedure as the second CHM but in
the case of CHM3 the DTM used DTM3 was already void filled (all DTM data files, both for terrain and
object features were extracted. This was done to compare relative accuracy of commercially available DTM
to the DTM created using UAV data. Furthermore a comparison was made between CHM created using
this DTM; CHM3, and the other two CHMs i.e. CHM2 and CHM3) so spatial interpolation was foregone
in this processing (see Figure 7).
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Flow-Chart Showing CHM3 Processing Workflow

Figure 7; Flowchart Showing CHM3 Processing Workflow, Canopy Height Modelling (2016).
2.5.5

CANOPY HEIGHT MODELLING ACCURACY ASSESSMENT AND COMPARISON

Comparison of all three CHMs to field measurements was made for similarity estimation. Furthermore, the
root mean square error (RMSE) of all three CHMs was estimated using ground control points acquired
using a GNSS receiver. On the basis of each CHM’s RMSE, a selection was made about which CHM to use
for the final tree height estimation.
x

Comparison of CHMs to Field estimates;


The CHMs were each compared to Field estimated height and the variance in their means
were tested using the f-test. This

was to determine if there was an equal or unequal

variance in the means of each of the test pairs i.e. CHM1 (CHM based on Pix4D output
i.e. UAV data) to Field estimated height, CHM2 (CHM based on originally non-void filled
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DTM and resampled DSM) to Field estimated height and CHM3 (CHM based on originally
void-filled DTM and resampled DSM) to Field estimated height.


The CHMs were further compared to Field estimated height using a t-test: two-sample
assuming unequal variances. This was done to test for existence of significant difference
between each CHM and the field estimated tree height values.

x

Comparison of CHMs to GNSS measured Ground Control Points;


The CHMs were assessed for error using RMSE approach. The GNSS GCPs were used as
reference points for CHM surface comparison. Z-values were extracted from each of the
surfaces used for the CHMs and these values were compared to the GNSS Z-values for
the same location and on the basis of these, RMSE for each surface was computed.

SENSITIVITY ANALYSIS OF BIOMASS TO TREE HEIGHT
2.5.6
This section was split into two sub-sections with two aims;

i.

Sensitivity analysis of modelled biomass to tree height variation; Analysis of sensitivity of modelled
biomass estimates to tree height variation was done by modelling the biomass of specific trees (56
trees) using an allometric equation which incorporated tree DBH and height. This formula was
created by Mälkönen (1977) for estimation of the biomass of a Birch forest stand (84% birch) in
Finland. The equation was sourced from the website of global allometry; www.GlobAllomeTree.org
(“GlobAllomeTree,” 2016). The formula is as shown below;
Biomass = -3.81 + 1.2911 * Log10 ((DBH)2 * (H))

Where,
DBH = Diameter at breast height
H = Tree Height
Afterward at random, a tree was selected and its height was iteratively deflated a fixed number of
times (24times) and afterward inflated the same number of times (24times) by a fixed factor of 0.5m
per iteration while biomass was calculated, keeping all other parameters constant. The values of the
biomass (iteratively modelled using all height values) and corresponding tree heights were then
fitted into a simple linear regression model to ascertain the sensitivity of the biomass to the variation
in tree height.
ii.

Percentage error of modelled biomass values based on canopy height modelling error; this was
done to estimate the percentage error of biomass on the basis of potential tree height modelling
errors. This was done by estimating the percentage mean difference between originally modelled
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biomass and the height adjusted mean biomass values (the RMSE of the selected CHM was used
to both inflate and deflate the 56 tree height values and biomass was modelled using these
adjusted tree height values).
The mean modelled biomass value was acquired after tree height adjustment and the mean
modelled biomass value was acquired without tree height adjustment. The general formula for
calculation of both means is given below;
Mean modelled biomass (BioMean) = [(Σ tree biomass)/number of trees]……………………… (1)
Afterward, the difference was calculated between the two mean modelled biomass values using
the formula below.
Biomass Difference = BioMean (without height adjustment) – BioMean (height adjusted)………… (2)
The percentage difference between the two mean modelled biomass values was then calculated.
Percentage Biomass Difference = [Biomass Difference/ BioMean (without height adjustment)] X 100 (3)
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3.

RESULTS

3.1
FIELD ACQUIRED FOREST TREE BIOMETRIC DATA
Forest tree biometric data namely species composition, DBH and height which was obtained from field
observations was digitized into an excel spread-sheet. This dataset was analyzed on the specific level and the
results are below.
3.1.1

SPECIES DISTRIBUTION

From analysis of the field samples, inferences were made about the tree species present within the study
area and their percentage distribution within the study area. This is shown within the chart below.
TREE COUNT AND PERCENTAGE DISTRIBUTION
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Figure 8; Tree Count and Percentage Distribution
The above chart shows the specific and percentage distribution of trees within the study area as derived
from sample biometric information. The sample shows that the study area was predominantly populated
with Birch trees (Betula pendula). The sample possessed a 36.3% population of Birch trees which was close
to twice the size of the other two closest species which were the Oak (Quercus robur) and Douglas fir
(Pseudotsuga menziesii) with percentage distributions of 16.6% and 16.6% respectively.
3.1.2

DIAMETER AT BREAST HEIGHT (DBH)

In the course of the field work, a sample of 411 trees was collected. Trees measured possessed a DBH
greater than 10cm. Descriptive statistics was conducted on the species specific level and the result is display
in Table 3.
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Information about the specific distribution of the DBH, among other descriptive parameters were extracted
and are displayed in Figure 8.
Table 3; Summary Statistics for the DBH Collected

Species

Tree Count

Mean (cm)

Std. Dev (cm)

Alder

32

15.28

9.97

Beech

18

33.09

17.80

Birch

149

19.96

10.71

Douglas fir

68

23.08

7.68

European hornbeam

17

20.69

6.51

Mountain ash

8

12.79

1.75

Oak

68

29.75

13.07

Scots pine

50

34.86

8.40

Source; Summary Statistics, 2016.

Figure 8; Species DBH Description

The boxplots above show the average (mean) diameter and standard deviation of each of the species
sampled within the study area during the period of the fieldwork. It shows that on average within the study
area Scots pine (Pinus sylvestris) had the highest DBH with a value of 34.86cm but also possessed the fourth
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highest standard deviation (8.40) which implies a high variance in the measured DBH values within the
sample. The Scots pine was closely seconded by the Beech (Fagus sylvatica) in DBH with a value of 33.09cm
but this possessed the highest standard deviation implying that its sample possessed the widest range of
values. The species with the lowest DBH was the Mountain ash (Sorbus aucuparia) with a value of 12.76cm
and it also possessed the lowest standard deviation which by implication means that based on collected
samples it possessed the lowest average DBH in the study area.
3.1.3

TREE HEIGHT MEASUREMENT

A summary of the results of field collected tree height using descriptive statistics are shown in Table 4.
Table 4; Descriptive Statistics of Tree Height
Species

Tree Count

Mean (m)

Std. Dev. (m)

Beech

14

16.20

0.90

Birch

10

13.20

1.25

Douglas Fir

2

12.55

0.64

Spruce

6

16.83

0.52

Oak

16

16.19

2.97

Scots pine

5

17.09

0.38

Source; Field Data Analysis, 2016.

Below are graphical displays of the output in the form of boxplots showing specific mean distribution and
standard deviation in the values for tree height as measured in the field.

Figure 9; Species Height Description
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From the boxplots we can infer that there is a very high similarity in height among the various species
present within the study area. From the field sample, it was noticed that the scots pine possesses the highest
value in terms of height and this is reflected in its mean value (17.09m). It also possesses a relatively low
standard deviation (0.37) as compared to other species of known tree height within the study area. However,
there is a very high variation in the standard deviations of the species tree heights. This leads to the
conclusion that the variation in height among the species is not homogenous i.e. it differs from species to
species.
3.2

OBJECT BASED IMAGE ANALYSIS

Object based image analysis was conducted on the orthophoto to assess extractability of tree crown
projected area (CPA) from UAV data. This was done at varying resolutions in order to estimate what spatial
resolution was optimal for segmentation. Furthermore, an evaluation of the relationship that exists between
segmentation time, spatial resolution and image pixel count was analysed to isolate exactly what weight of
influence exists between segmentation computational time, image spatial resolution and image pixel count.
The results of all these analyses are presented below.
3.2.1 TREE CROWN EXTRACTION ACCURACY

As is seen from Figure 10 below, tree crowns were extracted at 6 different resolutions to test at what
resolution the crown extraction accuracy is optimal.
Segmented Image at Multiple Resolutions

Figure 10; Segmented Image at Multiple Resolutions

29

The Table 5 shows the segmentation error in terms of Oversegmentation, Undersegmentation and Total
error.
Table 5; Segmentation Error Table
Segmentation Error Type
Oversegmentation

Resolution (cm)
5
10
15
20
25
30
5
10
15
20
25
30
5
10
15
20
25
30

Undersegmentation

Total Error

Fractional Error
0.21
0.88
0.11
0.09
0.09
0.09
-0.78
0.62
-0.94
-0.10
-0.38
-0.82
0.57
0.76
0.67
0.09
0.28
0.58

Source; Optimal Resolution Analysis, 2017.

This answers the first research question under OBIA pertaining to the percentage segmentation accuracy at
the different resolutions.
Table 6 shows that the segmentation accuracy peaks at a spatial resolution of 20cm with an accuracy of
90.21%. This was followed by the orthophoto with a spatial resolution of 25cm with an accuracy of 71.70%.
All other resolutions had accuracies below 50%.
Table 6; Table of Total Error and Accuracy per Resolution
Resolution (cm)

Fractional Error

Accuracy (%)

5

0.58

42.27

10

0.77

23.13

15

0.67

32.78

20

0.09

90.21

25

0.28

71.70

0.59

41.24

30
Source; Optimal Resolution Analysis, 2017.

Analysis of the accuracy trend showed a no relationship between the resolution and the accuracy as is shown
in Figure 11.
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Segmentation Error Chart
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Figure 11; Total Segmentation Error Chart

Further analysis of the segmented image showed that segmentation accuracy was also very dependent on
forest type and structure. Two areas with a marked difference in canopy structure were analyzed and yielded
the result shown in Table 7 & Figure 12.
The table above shows a difference in accuracies. The open forest shows an overall accuracy of 72.37% as
compared to the closed canopy which shows an accuracy of 71.70%. This was done at the best available
resolution using the optimized rulesets hence the high accuracies. This implies an ability to more accurately
segment areas where tree canopies are not interlocked.
Table 7; Area Error Estimation for an Open and Closed Canopy Forest
Error Type

Canopy Closure

Error

Accuracy (%)

Oversegmentation

Open
Closed

0.18
0.10

82.34
90.21

Undersegmentation

Open

0.35

65.15

Closed

-0.39

61.20

Open
Closed

0.28
0.28

72.37
71.70

Total
Source; Analysis, 2016.

The difference in canopy structure and its effect on segmentation accuracy is starkly displayed below. While
image object outlines can be clearly seen in the open forest, it is very difficult to distinguish these boundaries
in a closed forest with interlocking canopies, even for the human eye.
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Segmentation Comparison of Open and Closed Canopy Forest

Figure 12; Open and Closed Forest (Unsegmented and Segmented)

3.2.2

ANALYSIS OF SEGMENTATION COMPUTATIONAL TIME IN RELATION TO THE
RESOLUTION AND PIXEL COUNT

In addition to the accuracy, the computational time of segmentation was computed in relation to the image
resolution at which the segmentation accuracy took place. The results are shown in Table 8 and Table 9
below.
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Table 8; Regression Analysis for Segmentation Time as Influenced by Resolution and Pixel Count
Coefficients

Standard Error

t Stat

P-value

Intercept

-1449.037

356.65

-4.06

0.000***

Resolution

31.487

9.56

3.29

0.004**

Pixel count

0.000

0.00

14.25

0.000***

Source; Analysis, 2016.

Table 9; Regression Statistics
Regression Statistics
Multiple R

0.96

R Square

0.93

Adjusted R Square

0.92

Standard Error

521.15

Observations

21

Source; Segmentation Computation Time Analysis, 2016.

The tables (Table 8 & Table 9) show the relationship existing between the segmentation computational time
and the image resolution. The results show a significant relationship at α = 0.05 with an r 2 of 0.933. The
sensitivity of the segmentation time to the image resolution is described by the value of the resolution
coefficient (31.487), suggesting a relatively strong positive relationship between the resolution and the
computational time. This could however be misleading as it will imply that as the value of the resolution
increases (resolution becomes coarser), the segmentation time also increases. This is not consistent with
the data input. Also, the significance level of this relationship pales in comparison to the significance level
of the pixel count’s influence on segmentation time, which is relatively low as is described by the coefficient
of pixel count; 0.00023, but has a very high significance 3.014e-11 as compared to the significance of
resolution which is 0.004.
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Due to this anomaly in the regression output, further analysis was carried out in the form of simple linear
regressions with segmentation time regressed as a function of resolution and pixel count separately. The
results of the first simple linear regression, with segmentation time regressed as a function of resolution, are
given in Table 10 & Table 11.
Table 10; Regression Analysis of Segmentation time as a Function of Resolution
Coefficients

Standard Error

t Stat

P-value

Intercept

2119.83

866.7

2.44

0.02

Resolution

-52.86

25.6

-2.06

0.05

Source; Segmentation Computation Time Analysis, 2016.

This answers the second research question under OBIA pertaining to the significance of the relationship
between the segmentation computational time and image resolution.
Table 10 above show that the relationship between image segmentation time has no significant relationship
with image resolution at α = 0.05. This regression model also shows the real nature of the relationship
existing between the segmentation time and resolution. . The r2 of the model shows that only 18.29% of the
variation in the segmentation time is explained by the image resolution.
Table 11; Regression Statistics
Regression Statistics
Multiple R
R Square

0.42
0.18

Adjusted R Square

0.13

Standard Error

1778.23

Observations

21

Source; Segmentation Computation Time Analysis, 2016.

Table 12; Regression Analysis of Segmentation time as a Function of Pixel Count
Coefficients

Standard Error

t Stat

P-value

Intercept

-351.38

156.24

-2.24

0.036**

Pixel count

0.00

1.56E-05

12.62

0.000***

Source; Segmentation Computation Time Analysis, 2016.

This answered the third research question pertaining to what other parameter significantly influences
computational time during object based image analysis.
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Table 12 & Table 13 shows that there is a very strongly significant relationship between segmentation time
and pixel count at α = 0.001. The value of the coefficient of the pixel count suggests a very low sensitivity
of the segmentation time to pixel count. However, the p-value indicates a very strong significance (1.09e-10).
Furthermore, the r2 of the relationship shows that 89.34% of the variation in segmentation time is explained
by the pixel count.
Table 13; Regression Statistics
Regression Statistics
Multiple R

0.94

R Square

0.89

Adjusted R Square

0.88

Standard Error

642.11

Observations

21

Source; Segmentation Computation Time Analysis, 2016.

3.3

CANOPY HEIGHT MODELLING (CHM)

The results of the canopy height modelling aspect of this research work are presented below.
3.3.1

CANOPY HEIGHT MODELS

Figure 13; CHM of Study Area (CHM1; 4.8cm resolution, created exclusively from UAV datasets)
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Figure 13 shows the CHM derived exclusively from UAV datasets. The negative lower limit was due to a
value inflation caused by the geometric distortion present within DSM1 from which DTM1 was created
(refer to Figure 5) and void values still present after the surface interpolation within the digital terrain model.

Figure 14; CHM of Study Area (CHM2; 1m resolution, created from UAV sourced DSM and ALS sourced DTM)

CHM2 (above) was produced by the normalization of the second digital surface model using DTM2
(originally non-void filled DTM). The upper limit of the value range was impacted by the DSM in use, which
exhibited geometric distortion in the upper left corner due to low number of matched images during
photogrammetric pre-processing. The negative lower limit was caused by presence of voids within the
interpolated DTM; DTM2.
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Figure 15; CHM of Study Area (CHM3; 1m resolution, created from UAV sourced DSM and ALS sourced DTM)

CHM3 is the product of the normalization of digital surface model 2 which was done using DTM3. From
the value range, it can be inferred that the value there are areas within the surface with unusual values
(negative values and inflated values). These were due to geometric distortions within the DSM in use and
also void values present within the DTM.
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3.3.2

CANOPY HEIGHT MODEL COMPARISON TO FIELD ESTIMATES

The various CHMs created were compared to the field estimated values and the results are shown below.

Comparison of CHMs to Field Height Estimates
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50.00
40.00
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16.19
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16.32

14.21

10.56
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17.73
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16.60
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15.82

17.42

18.05
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Figure 16; CHM Comparison to Field Height Estimate

Figure 16, graphically showed a difference between the mean values of field-measured height and modelled
height. An f-test was conducted to determine if field estimated tree height and modelled tree height exhibited
an equal variance in means or not. This was carried out in pairs i.e. the f test was conducted in pairs consisting
of a CHM and Field Height. This was done for each of the CHMs and the summary of all three pairs are
shown in Table 14.
Table 14; F-Test Two-Sample for Variances between CHMs and Field Height

Mean
Variance
Observations
df
F
P(F<=f) one-tail
F Critical one-tail

CHM1
17.108
15.618
54
53
3.093
3.30E-05
1.578

Field Height
15.669
5.049
54
53

CHM2
35.504
337.682
54
53
66.881
9.81E-35
1.578

Source; Comparison of nDSM and Field Measured Height, 2016.
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Field Height
15.669
5.049
54
53

CHM3
15.814
24.212
54
53
4.795
2.91E-08
1.578

Field Height
15.669
5.049
54
53

The results show that at α = 0.05, there is an unequal variance in mean values between field estimated height
and modelled canopy height. This result held true for all CHM to Field height comparisons at varying
strengths and significances as is shown in the table above. Based on this result, the type of t-test to be used
for significant difference testing was decided.
In order to ascertain the significance of differences between CHM and Field measured height, a t-test; twosample assuming unequal variances, was conducted and the results are shown in Table 15 below.
Table 15; t-Test: Two-Sample Assuming Unequal Variances between CHMs and Field Height
CHM1

Field Height

CHM2

Field Height

CHM3

Field Height

Mean

17.108

15.669

35.504

15.669

15.814

15.669

Variance

15.618

5.049

337.682

5.049

24.212

5.049

54

54

54

54

54

54

Observations
Hypothesized
Difference

Mean

1.439

19.834

0.145

df

84

55

74

t Stat

-0.0003

0.0002

-0.0006

P(T<=t) one-tail

0.4999

0.4999

0.4997

t Critical one-tail

1.6632

1.6730

1.6657

P(T<=t) two-tail

0.9998

0.9999

0.9995

t Critical two-tail

1.9886

2.0040

1.9925

Source; Comparison of CHMs and Field Measured Height, 2016.

The results of the t-test shows that there is no significant difference in the mean modelled height (mean
height from CHM) and mean field measured height (p > 0.05, t-stat > t-critical) and this holds true for all
pairs undergoing the t-test. The implication of this is that irrespective of the CHM used in tree height
modelling, on average, the interpolated values will be similar to field estimated height.
3.3.3

CANOPY HEIGHT MODEL COMPARISON TO GNSS POINTS

However, there is consciousness of the fact that the CHMs and field estimates both possess an inherent
error which in order for their output to be of use, has to be estimated. This was done by comparison of
surfaces used in CHM creation to GNSS GCPs to evaluate the amount of error within each CHM. This was
computed using the RMSE approach and the results are presented in the next section.
During the analysis, it was noticed that surface accuracies varied drastically when evaluated using validation
points outside the forest as compared to when using validation points inside the forest. The LiDAR based
DTMs especially exhibited this trait. As such RMSE was first estimated using only GNSS points outside the
forest (forest exclusive) and afterward all GNSS points were used for RMSE estimation (forest inclusive).
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Table 16; RMSE of Surfaces Used in Canopy Height Modelling in Relation to GNSS points
CHM
1

Surface
DSM
DTM (Forest exclusive)
DTM (Forest inclusive)
CHM Total RMSE (Forest exclusive)
CHM Total RMSE (Forest inclusive)

RMSE (m)
0.46
0.53
0.52
1.00
0.98

2

DSM
DTM (Forest exclusive)
DTM (Forest inclusive)
CHM Total RMSE (Forest exclusive)
CHM Total RMSE (Forest inclusive)

0.46
2.45
2.37
2.92
2.84

3

DSM
DTM (Forest exclusive)
DTM (Forest inclusive)
CHM Total RMSE (Forest exclusive)
CHM Total RMSE (Forest inclusive)

0.46
0.09
1.05
0.55
1.51

Source; Comparison of CHM Surfaces to GNSS GCPs, 2016.

This answered the first research question in the canopy height modelling aspect of this work pertaining to
the accuracy of CHM generated exclusively from UAV datasets as compared to CHM generated using a
UAV-LiDAR combination of datasets.
Table 16 shows the RMSE of each of the surfaces in comparison to GNSS Z (elevation) values. It will be
noticed that there is no variation in the RMSE values for the DSMs of each of the CHMs. The variation in
values is observed rather in the digital terrain surfaces.
This can be better viewed in the figure below
C H M S U R F AC E S R M S E ( M )

DSM
0.45
0.47
0.47

DTM (For.Inc.)
0.52
2.38
1.05

Figure 17; Individual RMSE for surfaces used for CHMs
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* Note; For.Exc. implies RMSE was estimated using only GNSS points outside forests while For.Inc. implies
RMSE was estimated using all GNSS points both inside and outside forests.
In the RMSE calculation, it was noticed that the DTMs exhibited a shift in RMSE when forest ground
values (DTM values within the forest) were included within the RMSE computation. The DTM from UAV
data in CHM1 reduced in RMSE while both LiDAR DTMs had an increase in RMSE. This was of particular
interest as the canopy height modelling of tree height is constrained to the area of forest trees and this
indicates that the LiDAR based terrain model exhibit more error within the forest areas as compared to
error outside forest areas.
On the basis of this phenomenon and the RMSE values that each CHM exhibited, CHM1, created
exclusively from UAV datasets was selected for CHM implementation.

3.4

SENSITIVITY ANALYSIS OF BIOMASS TO TREE HEIGHT VARIATION

However, it was important to discover the effect of this inaccuracy in CHM1, on modelled biomass values.
For this the sensitivity of biomass to variation in height was modelled using a simple linear regression and
the results are portrayed below.
Table 17; Regression Analysis for Biomass Sensitivity to Tree Height Variation
Coefficients

Standard Error

t Stat

P-value

Intercept

1.18

0.008

132.88

0.000***

Height

0.02

0.000

64.96

0.000***

Source; Sensitivity Analysis, 2016.

This answered the second research question in the canopy height modelling aspect pertaining to the
sensitivity of biomass to variations in tree height.
The table above shows a significant relationship between the biomass and tree height at α = 0.001, the
weight of influence of tree height on biomass is expressed by its coefficient; 0.024. This implies that an
increase in the height by one unit, causes an increment in tree biomass of 0.024units. In this case, it means
if tree height increases by 1m, the biomass will increase by 0.02%. This relationship is visualized in the
regression plot below (Figure 18).
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Figure 18; Biomass Sensitivity to Height Variation

Further analysis was carried out using modelled biomass values in order to ascertain the mean percentage
error which the CHM in use had introduced into the biomass modelling. The total RMSE within the adopted
CHM; CHM1, was 0.97m so the height values within the biomass estimation model were varied by a factor
of 1m which was approximately the CHM error ( ref. page 24). The results are in the table below.

Table 18; Error Impact Assessment
Parameters

Values (tons)

Mean Biomass
Mean Biomass (h-1)
Mean Biomass (h+1)

1.06
1.01
1.10

Mean Biomass Difference (h-1)
Mean Biomass Difference (h+1)

0.046
0.042

Source; Sensitivity Analysis, 2016.

The table above shows the mean value for modelled biomass and the mean values of biomass when the
height values used for the biomass modelling are inflated or deflated by a factor of 1m. The table shows a
difference in mean biomass-difference values when the height is inflated as compared to when the height is
deflated. An f-test was conducted to test if there was an equal or unequal variance in mean biomassdifference values within the sample groups (i.e. f test between height-inflated mean biomass-difference
values and height-deflated mean biomass-difference values).
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Table 19; F-Test Two-Sample for Variances in Height Inflated and Height Deflated Biomass Values

Mean
Variance
Observations
df
F
P(F<=f) one-tail
F Critical one-tail

Bio_h-1_diff
0.046
0.000
49
48
1.57
0.05
1.61

Bio_h+1_diff
0.042
0.000
49
48

Source; Sensitivity Analysis, 2016.

The f test showed that the sample exhibited equal variance so a two-sample t-test; assuming equal variance,
was conducted to ascertain if the difference in mean biomass-difference values (i.e. Mean biomassdifference; height inflated and Mean biomass-difference; height deflated) was significant. The results are
shown in the table below.
Table 20; t-Test: Two-Sample Assuming Equal Variances in Height Inflated and Height Deflated Biomass
Values
Mean
Variance
Observations
Pooled Variance
df
t Stat
P(T<=t) one-tail
t Critical one-tail
P(T<=t) two-tail
t Critical two-tail

Bio_h-1_diff
0.046
0.000
49
0.000
96
0.99
0.16
1.66
0.32
1.98

Bio_h+1_diff
0.042
0.000
49

Source; Sensitivity Analysis, 2016.

The results of the t-test showed that though there is a difference in these mean values, this difference is not
significant at α = 0.05.
The percentage biomass estimation error was computed using the height deflated biomass values (the height
deflated values were used in order to get a positive difference and based on the t-test above this shows there
is no significant difference using either the inflated or deflated values) and the results of this computation
are presented in the table below.
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Table 21; CHM Error Impact on Biomass Estimation
Parameters

Values

Mean Biomass

1.06 tons

Mean Biomass (h-1)

1.01 tons

Mean Difference

0.04 tons

% Mean Difference

4.37 %

Source; CHM Error Impact Assessment, 2016.

This answered the final research question pertaining to the percentage error which had been introduced into
the biomass modelling exclusively by the CHM in use; CHM1.
Table 21 shows that on average, due to the error inherent to the tree height modelling, the tree biomass
within the study area is either underestimated or overestimated by a factor of 4.37% the value of the
modelled biomass (ref. page 24). This by implication means that on average, based on the tree height
estimation inaccuracies, the accurate biomass value will lie within a range of modelled biomass value –
4.37%(modelled biomass value) and modelled biomass value + 4.37%(modelled biomass value).
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4.

DISCUSSION

4.1
OBJECT BASED IMAGE ANALYSIS
The segmentation accuracy of the orthophoto, contrary to popular opinion, as expressed within Huiping
et al., (2003) did not improve with the increase in spatial resolution. Instead, the segmentation accuracy of
the image at each of the different resolutions showed no relationship to the resolution. Rather it appeared
to be dependent on a lot of other factors, one of which was the scale parameter which was unique to each
resolution.
During segmentation, both spatial and contextual information of an object are incorporated into the CPA
extraction (Gupta & Bhadauria, 2014). The contextual aspect especially held true in this case, as accuracies
were noticed to be very dependent on image background. In areas where tree CPA were distinctly separable,
a higher accuracy was obtained.
Also, tree CPA with distinctive colours were more accurately delineated than tree CPA with convergent
colours. This implies a high sensitivity to spectral differences and this is said to be very important as
mentioned in Mesner & Oštir, (2014). This is attributed to the low weight attributed to the shape parameter
which defines the influence of colour in the segmentation algorithm.
Furthermore, the object size also played a crucial role in the segmentation accuracy as this was the main
factor, apart from the scale parameter, contributing to the level of oversegmentation and
undersegmentation. This was especially noticed in clumps of small young trees which had high
undersegmentation due to spatial inseparability, similar to the case in Miller (2014) and spectral similarity
and in the very large trees which were oversegmented due to intra-crown variation in color. In Figure 19, a
typical case is shown of undersegmentation in young, clustered, spectrally similar trees (lower right side of
the image). The trees are simply inseparable (even at 4.8cm spatial resolution). Furthermore, spectrally
similar non-clustered older trees (upper left side of the image) still underwent undersegmentation due to
spectral similarity (van der Werff & van der Meer, 2008).

Figure 19; Undersegmentation in Young Clustered Forest
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4.2
SEGMENTATION COMPUTATIONAL TIME ANALYSIS
The pixel count was actually the main factor in the length of time required for segmentation. This in
retrospect actually made a lot of sense because on the basis of the result of this relationship analysis, the
finer the resolution, the higher the computational time (though insignificant at α = 0.05, it is however
significant at α = 0.1) every other factor being equal.
However, the segmentation algorithm is not analyzing similarities and disparities in resolution within an
image (since a regular image only possesses one resolution) but the similarity and disparity of pixels present
within that given image. It then stands to reason that if on average the segmentation algorithm requires
4.48671e-05 seconds to analyze a pixel (average time per pixel across all analyzed resolutions), then images
possessing more pixels require more time to analyze. In this study all analyzed resolutions had a fixed spatial
extent (equal overall size of study area) so the only other inherent factor which could determine the pixel
count was the resolution (which defined the pixel size).
This led to the conclusion that time of computation in OBIA is not so much dependent on the resolution
of the image as it is dependent on the number of pixels within the image undergoing OBIA. However, the
spatial resolution cannot be ruled out as it is one of the primary determinants of pixel count within an image
(along with spatial extent).
4.3
CANOPY HEIGHT MODELLING
The results showed that for the modelling of the canopy height of a forest area, UAV derived data showed
the higher potential for accuracy than LiDAR data. This contradicts the popular notion that LiDAR datasets
are the best where height evaluation is concerned (Dubayah & Drake, 2000; Lefsky, Cohen, Parker, &
Harding, 2002).
During the CHM accuracy assessment, it was discovered that the real difference in RMSE values was in the
DTMs utilized within the canopy height modelling. The RMSE, as evaluated in this work, were lower within
LiDAR sourced DTM surfaces outside the forest as compared to the UAV sourced DTM surface while the
overall RMSE increased in the LiDAR sourced DTM surface as compared to the UAV sourced DTM
surface when forest terrain validation points in the RMSE computation.
Further analysis of this revealed that the only major difference in this two datasets was their point density.
While the LiDAR dataset used in the surface interpolation had a point density of 1point/m 2, the UAV
dataset had 1point/25cm2. This implies that the UAV dataset had 400points/m2, which is 400times the
density of the LiDAR dataset.
The Inverse Distance Weighting (IDW) algorithm, which was utilized for surface interpolation of both the
first and second DTMs, determines surface cell values based on a linearly weighted combination of a group
of sample points (ESRI, 2016). Here, individual point weight is a function of its inverse distance from cell
being interpolated. It also requires a sufficiently dense point cloud in relation to variation in the surface been
interpolated (Watson & Philip, 1985) and this may have adversely affected the LiDAR dataset which had a
mere fraction of the point density of the UAV dataset because it was noticed after the interpolation there
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were still void values within both DTMs but this was more pronounced within the LiDAR sourced DTM.
According to Hollause et al. (2010), (Hollaus, Mandlburger, Pfeifer, & Mücke, 2010), this is caused by low
point densities.
From the difference in accuracies of both LiDAR derived DTMs (DTM2 and DTM3) inference can be
made that the interpolation performed to void-fill DTM3, which is a commercial dataset, is more robust
than the interpolation of that within this research work. However, using the same interpolation which
created the DTM of highest RMSE (originally non-void filled LiDAR derived DTM; DTM2), UAV derived
DTM; DTM1 gave the lowest RMSE, lower even than the commercial LiDAR dataset.
Conclusions based on this study are that though LiDAR sourced datasets give a direct measurement of an
object of interest, UAV sourced datasets (depending on the mounted sensor intrinsics, flight height and
percentage image overlap; forward and side overlap) have the potential to match or even surpass most
datasets currently in use especially in extraction of forest structural parameters.
4.4
SENSITIVITY ANALYSIS OF MODELLED BIOMASS TO TREE HEIGHT VARIATION
The results of the biomass sensitivity analysis showed that the biomass was significantly influenced by tree
height variation. This implies that errors in height estimation affect the quantity or value of modelled
biomass leading to either an underestimation or overestimation of the forest tree biomass. The results
showed a percentage biomass estimation error of 4.37%, this may seem negligible until scale of estimation
is factored into the discussion.
On a local scale, with just a few trees perhaps this is an acceptable value. However, if this percentage
propagates from the local to the national, continental or global level, then perhaps this is suddenly not an
acceptable value anymore.
Nevertheless, this is one of the core reasons for conducting a sensitivity analysis; to evaluate and quantify
the impact of error on our modelled output due to the presence of a parameter of interest within the model.
More succinctly put, to quantify the amount by which biomass has been erroneous estimated due to tree
height in-accuracies.
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5.

CONCLUSION AND RECOMMENDATIONS

5.1

CONCLUSION

5.1.1

OBJECT BASED IMAGE ANALYSIS

In relation to research sub-objective 1, it was discovered during OBIA that rather than the resolution being
the main determinant of segmentation accuracy, the selection of a segmentation algorithm (Mesner & Oštir,
2014) and also the calibration of the internal parameters of the selected segmentation algorithm, such as in
the case of the multi-resolution segmentation algorithm (image layer weights, scale parameter, shape and
compactness) impact considerably on eventual segmentation results especially among spectrally similar
objects within each segmented image (Drǎguţ, Tiede, & Levick, 2010; Luscier, Thompson, Wilson, Gorham,
& Dragut, 2006; van der Werff & van der Meer, 2008) and the image accuracies can be seen in Table 6.
Furthermore, in relation to sub-objectives 2 and 3, this work has shown that the computational time for
image segmentation increases with an increase in spatial resolution however this work also revealed that the
segmentation computational time does not so much increase with resolution has it increases with an increase
in pixel count within an image. This by inference implies that if an analysis is being conducted on a very
high resolution e.g. 2cm resolution, possessing a few pixels e.g. 4 pixels, there is a 95% confidence (α =
0.05) that analysis will be completed before an image of lower resolution e.g. 20cm spatial resolution,
possessing 400 pixels.
5.1.2

CANOPY HEIGHT MODELLING

From the results of this work, it can be concluded, in relation to sub-objective 4 and 5, that UAV derived
datasets, depending on the imaging sensor, have the potential to both match and surpass LiDAR datasets
in the accurate interpolation of DTMs which are used for the extraction of forest tree height. However,
LiDAR derived DSMs still have the potential to surpass the UAV derived DSM because DSMs can be
created directly from LiDAR returns without the need for interpolation. This is especially important as, in
relation to sub-objective 5, the sensitivity aspect of this work showed that estimated biomass values are
sensitive to height variations and height estimation errors can as a result, lead to inaccuracies in biomass
values.
5.2

RECOMMENDATIONS

5.2.1

OBJECT BASED IMAGE ANALYSIS (OBIA)

The use of UAV data for the extraction of forest tree height and canopy projected area from this study is
highly recommended. The extraordinarily high image resolution though constraining the amount of analysis
possible in the OBIA section of the work was very useful during the field data collection. It aided in mobile
navigation in the field and specific tree relocation which aided in the elimination of the problem of GPS
positional error in relocating sampled trees after field work for digitization. It also aided in the generation
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of reference data as the extremely high resolution made it easier for the eyes to detect image object
boundaries during digitizing.
It was however noticed that image object seperability from image background posed a serious constraint
when analysis was limited to RGB bands, which are the bands available in optical imaging UAVs. The
integration of this dataset with another dataset possessing other spectral bands outside the optical imaging
range (preferably in the red-edge and near infrared region) would be highly recommended. This is due to
the fact that vegetation has a more pronounced reflectance within the near-infrared region (Knipling, 1970)
and seperability would have been better with a spectral band in the near-infrared.
Furthermore, before use of UAV datasets in OBIA, it would be highly recommended for pre-analysis to be
done to determine forest structural heterogeneity within the image. If such heterogeneity is observed, then
a stratification based on forest structure is recommended, in order to analyze the different forest sections
with homogenous structure individually. This will greatly increase the overall segmentation accuracy.
On a final note, due to the extremely long time period required for computation of these images, thought
should be given to required resolution for analysis and images can also be subsetted and assessed to estimate
the optimum resolution for OBIA. Images should then be resampled to such resolution before the main
analysis is conducted. This will optimize segmentation accuracy and segmentation computational time.
5.2.2

CANOPY HEIGHT MODELLING

Canopy height modeling using UAV sourced surface models is highly recommended. This is due to the fact
that in most cases terrain surface data is interpolated and as is shown in this research work, the robustness
of these interpolation techniques are very data driven. The richness of the UAV artificial point clouds for
such surface interpolations, therefore, gives an advantage over most other datasets.
However, such surface interpolations should be avoided unless absolutely necessary. This is because surface
interpolation cannot account for any aberration within a surface i.e. object (e.g. forest) terrain characteristics
that only manifest within specific sections of the object terrain. The surface interpolation algorithm analyses
available data for trends and assumes this trend continues within the object terrain without accounting for
surface aberrations unless such are specified as natural barriers.
It would, therefore, be highly recommended that if absolutely necessary, interpolated surfaces should be
rigorously assessed for error to know if the percentage error falls within an acceptable threshold before
proceeding to the canopy height modeling.
On a final note, due to the nature of both the UAV derived and LiDAR derived datasets, it might be of
importance to compare canopy height modelling accuracies using a different combination of surfaces.
Rather than using UAV as compared to LiDAR sourced DTMs in combination with UAV derived DSMs,
it would probably yield better results if UAV derived DTMs were used in combination with LiDAR sourced
DSMs.

49

LIST OF REFERENCES
Assefa, G., Mengistu, T., Getu, Z., & Zewdie, S. (2013). Training manual on: Forest carbon pools and carbon stock
assessment in the context of SFM and REDD+. Retrieved from
https://www.mendeley.com/viewer/?fileId=4c17bf8b-137c-2dc1-2c3309a15fd18e17&documentId=593dd926-4d97-3970-a20b-a07532287fd7
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