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ABSTRACT

Nowadays modern remote sensing techniques are seen as very attractive alternatives for
expensive field measurements in forest inventories. The most promising remote sensing
technique for forest inventory purposes is currently Airborne Laser Scanning (ALS).
Several studies have indicated that essential forest characteristics such as mean height,
basal area and stand volume can be predicted very accurately using ALS data. However,
most ALS studies have concentrated on predicting total stand characteristics although
species-specific characteristics are of primary interest in Finland. The aim of the thesis is to
develop and evaluate methods for species-specific stand level forest inventories using
remote sensing.

The study was carried out in two test areas, both of which are located in eastern Finland
and represent typical managed boreal forests in Finland. All the modelling was done at plot
level and the tree species considered were Scots pine (Pinus sylvestris L.), Norway spruce
(Picea abies (L.) Karst.) and deciduous trees as a species group. The simultaneous use of
ALS data and aerial photographs forms a basis of the work; the idea is that the ALS data
bring information about dimensions and that aerial photographs are useful in order to
discriminate between tree species.

In the first sub-study regression modelling combined with fuzzy classification and a
variant of the nearest neighbour method called k-MSN were compared for determining
species-specific volumes. The k-MSN method provided promising results and in the second
sub-study it was extended to simultaneously predict by tree species: volume, stem number,
basal area, and diameter and height of the basal area median tree; and to calculate total
characteristics as sums of the species-specific estimates. The third sub-study investigated
the ability of remote sensing information to predict species-specific diameter distributions.
The nearest neighbour approach in which field measured trees were used as such to predict
diameter distribution outperformed a theoretical diameter distribution approach in which
the parameters of the Weibull distribution were predicted using the k-MSN estimates. In the
fourth sub-study a new method was presented which uses the unrectified aerial photographs
with known external and internal orientation instead of orthorectified images. This
overcomes certain issues that are inherent to the previously used approach: the radiometric
correction of aerial photographs, and the proper linkage of ALS points and aerial
photographs.

The nearest neighbour method employed in this thesis turned out to be an efficient and
versatile approach to estimating both total and species-specific forest characteristics and
diameter distributions when using ALS data, aerial photographs and a set of sample plots as
source data. The accuracies achieved in the estimation of species-specific characteristics
were at least as good as those obtained by the current field inventory practise, and in the
case of total characteristics the accuracy was even better.

Keywords: ALS, diameter distribution, k-MSN, non-parametric estimation, species-
specific stand attributes



PREFACE

Today it is quite obvious that airborne laser scanning (ALS) will play an important role in
small area forest inventories in Scandinavia. This was not so apparent when I started the
work presented here. From this point of view I have been lucky; the public interest towards
the topic of this thesis has grown considerably during the project. On the other hand this
increasing interest has had the side-effect that due to the many other projects related
approximately to the same topic that I have been involved in, the present dissertation has
been postponed. However, I really cannot complain about this. At present there are already
many attempts to bring ALS based forest inventory into commercial production.

ALS produces a three-dimensional georeferenced point cloud which approximates the
surface of the earth. In forest inventory we are primarily interested in the quantity and
dimensions of trees and therefore an essential processing step is to subtract the terrain level
from the original height hits in order to scale heights to the above ground scale. By using
ALS data both the terrain and canopy levels may be seen simultaneously. This is the main
reason why ALS data is so well-suited for forest inventory purposes. Although laser
scanning is such a hot topic at present, the usefulness of spectral images should not be
forgotten. There are many applications for which ALS data is not suitable. In this thesis, for
instance, aerial images were utilised together with ALS data since the use of spectral data
improves the separation of tree species. Besides, it must be remembered that there is no
spaceborne laser scanning instrument available at the moment and therefore large-area
remote sensing cannot rely on laser scanning.

In the present thesis forest growing stock is estimated by tree species and aerial images
are also used. Therefore, it differs slightly from most of the studies in which ALS data has
been used to estimate forest characteristics. The estimation of growing stock by tree species
is generally speaking a far more difficult task than the estimation of total characteristics.
The analogy in the estimation of total characteristics is that height and density distributions
of ALS data describe canopy dimensions precisely and that this information corresponds
well with many forest attributes, such as with total volume. Unfortunately the same is not
valid when estimating species-specific characteristics.

The Faculty of Forest Sciences at the University of Joensuu provided excellent facilities
and a working environment for me. I also appreciate the financial support I received from
the faculty, since I have been working there as a Senior Assistant in Forest Mensuration
Science almost ever since I started the work presented here. A position as a faculty member
provides the best imaginable environment to carry out research.

First and foremost, I would like to thank my supervisor, friend and co-author in all
papers, Professor Matti Maltamo. We have had numerous fertile discussions about science,
football and many other things. I also wish to thank the second co-author Mr. Aki Suvanto.
We resolved many interesting issues while implementing the methods presented in this
thesis. Mr. Pekka Savolainen provided valuable technical support regarding airborne data
and their pre-processing. UPM-Kymmene Ltd funded airborne data and provided their
sponsorship for collecting the ground truth material. I would also like to express my
gratitude to all my colleagues, friends and parents for their support during this project. All
of you know how you are related to this work. Thank you.

Joensuu, June 2008
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1 INTRODUCTION

1.1 Forest inventory and remote sensing

Nowadays modern remote sensing techniques are seen as very attractive alternatives for
expensive field measurements in forest inventories. The most promising remote sensing
technique for forest inventory purposes is currently Airborne Laser Scanning (ALS).
However, the first attempts to exploit remote sensing data in forestry were carried out
already a long time ago. Early studies and experiments with the use of aerial photographs
were conducted both in Europe and in North America in the 1920s (Sarvas 1938; Myles
1945; Loetsch & Haller 1973). Since then both monoscopic (2D) and stereoscopic (3D)
techniques for interpreting aerial images have been widely used in forest inventories and
mapping. The first preliminary studies of the use of aerial photographs in Finnish forestry
were carried out in the 1920s (Fabritius 1922) and by the 1930s aerial photographs were
already being used for forest mapping and the estimation of growing stock volumes
(Nyyssonen 1959). In Finnish forestry, however, analytic stereoscopic measurements have
never been a common practice, but aerial photographs have been used for decades in
practical forestry for stand delineation.

The rapid developments in space technology during the cold war in the 1960s led to the
launching of the first non-military earth observation satellite, Landsat MSS, in 1972
(Aronoff 2005). Since then passive satellite data has been used for the large-scale mapping
of forests (e.g. deSteiguer 1978; Kilkki & Paivinen 1987; Wulder et al. 2003; Reese et al.
2003). In the Finnish National Forest Inventory, for instance, satellite data is used to
increase the efficiency of the inventory by producing wall-to-wall estimates of forest
characteristics from which forest resource information may be derived for smaller areas
(Tomppo 2006). On the other hand, satellite imagery has not been successfully used in
stand level forest inventories. Very high resolution (VHR) satellite imageries have become
available for civil use in the past decade. The spatial resolution of VHR data is already
approaching that of aerial photographs, so that they may be used to some extent as
alternatives for airborne images.

Radio detection and ranging (RADAR) is an active remote sensing technique which has
been used in many studies to estimate forest variables. RADAR instruments are usually
carried by satellite platforms and their spatial resolution is generally comparable to that of
passive satellite imagery. Synthetic aperture radar (SAR) is the most common remote
sensing technique used for radar imaging (Hoekman 1985; Rauste et al. 1994; Fransson
2001; Magnusson 2006), with approximately the same level of accuracy in estimating forest
volumes as can be achieved with passive satellite data, or even slightly poorer. One reason
for the low level of accuracy may be that, with some exceptions, current SAR systems were
not designed for forestry purposes and therefore do not meet the needs of forest inventories
or mapping (Dobson 2000). Recent developments in satellite SAR imaging are enhanced
spatial resolution and diverse polarization modes (Morena et al. 2004).

Airborne Laser Scanning system is a type of RADAR that differs considerably in
response from the conventional RS data sources. The method provides a means to measure
the distance between the aircraft and the earth’s surface. The ALS gives a three-
dimensional (3D) georeferenced point cloud which approximates the surface of the earth,
i.e. the physical dimensions are measured directly. Several studies have indicated that
essential forest characteristics such as mean height, basal area and stand volume can be



predicted very accurately using ALS data (Magnussen & Boudewyn 1998; Nasset et al.
2004; Jensen et al. 2006). Regarding total characteristics, such as the total volume of all
tree species, the results have been even better than those achieved with traditional stand
level field inventory techniques. However, there is a lack of research in which species-
specific forest variables are estimated using ALS data alone, or in combination with some
other data source. Because the costs of ALS data have decreased considerably due to
technological development, ALS based forest inventory applications have emerged as an
interesting and realistic alternative for operative forestry purposes. The promising results
achieved with ALS in estimating growing stock were a significant source of motivation and
the starting point for the present work.

1.2 Inventory requirements

The aim of a forest inventory is to provide unbiased information for decision-making
purposes. Without an accurate estimate of the current state of the forest resources it is
impossible to make proper and rational decisions. To meet the user's requirements several
types of forest inventories are needed. However, regardless of the type of forest inventory,
the aim is to estimate means and totals for measures of forest characteristics over a defined
area (Kangas et al. 2006). The characteristics of interest vary and may be, for example, the
volume of growing stock, the area of forest damage, the biomass, the carbon content, or the
quantity of coarse woody debris. The primary interest may also be the change over time
instead of the current state (Duncan & Kalton 1987). Forest inventories are carried out on
different scales applying various methods using both field surveys and remote sensing.
Global, country-wide and regional inventories are performed in order to support political
decision making. Currently, global or country-wide inventories provide information that
may aid in decision-making when attempting to mitigate the effects of climate change and
global warming, for instance. This thesis presents methods for stand level forest
inventories, focussing particularly on the requirements in Finland and therefore only such
inventories are discussed here.

A stand is a basic treatment unit in silviculture. It is considered to be a uniform forest
area with respect to its growing stock, species composition and site conditions. Stands are
usually delineated before the field inventory using aerial photographs, and the stand borders
are corrected during the fieldwork as required. Typically, colour-infrared (CIR)
photographs are used for delineation; this enables the easy interpretation of deciduous trees,
in particular. Currently stand characteristics by tree species are assessed in the field using
subjectively placed angle-count sample plots, i.e. large trees are more likely to be sampled.
The forest stock characteristics to be estimated are mean age, basal area or stem number
and the diameter and height of the basal area median tree. All other stand attributes are
estimated from these measurements by employing theoretical diameter distributions and
tree level height and volume models. The need for using diameter distributions derives
from the tradition of using tree level growth and yield models. Diameter distributions are
constructed by tree species and usually scaled according to the basal area. Several diameter
distribution models have been used, including the probability functions of beta, Weibull
and Johnson SB, and various percentile models (Kilkki et al. 1989; Siipilehto 1999; Kangas
& Maltamo 2000b).

Haara and Korhonen (2004) evaluated the accuracy of the current inventory system by
means of comprehensive reference measurements. The standard error of the growing stock



volume at the stand level was 24.8%, and the standard errors for the species-specific
volumes were 29.3%, 43.0% and 65.0% for pine, spruce and deciduous trees, respectively.
Haara and Korhonen (2004) also concluded that due to the subjectivity of the method, the
accuracy of the stand attributes is highly dependent on the skills of the surveyor. The same
type of variation among surveyors was also reported by Kangas et al. (2004).

The current inventory practice sets the minimum level of accuracy that this thesis aims
at. It is also obvious that diameter distributions by tree species are required because in
Finland tree-level models are applied almost without exception. Basically, regardless of the
inventory method, diameter distributions may be constructed by estimating the same
variables as are now measured in the field and then utilizing diameter distribution
modelling approach. However, it may be reasonable to unlearn conventional diameter
distribution modelling when applying remote sensing methods to forest inventories.

1.3 Principle of airborne laser scanning

The terms around ALS are often obscure and misused among forest specialist. The term
LIDAR is an acronym for “Light Detection and Ranging”. Thus it emphasizes the
capability of carrying out range measurements. LASER is an acronym for “Light
Amplification by Stimulated Emission of Radiation”, whereas the term “laser scanning”
refers explicitly to a laser system with scanning capability. All these terms are often used
interchangeably although they usually refer to a LIDAR installation carried by an airborne
vehicle (ALS). It must be noted that there are other types of LIDAR as well, for instance,
space-borne instruments and those that are operated on the ground. ALS has gained a great
deal of attention during the last 5-10 years especially in the fields of terrain modelling,
urban area modelling and forestry. The present overview of ALS technology has been
compiled from many published and unpublished sources. Therefore no references are listed.
An introduction to the in-depth theory of ALS is given by Wehr & Lohr (1999).

LIDAR is an optical remote sensing technology which measures the properties of
scattered light radiating from of a distant target. LIDAR systems emit highly directional
pulses of laser light and measure precisely the time required for a reflection to return from
the ground below. As the speed of light is known, approximately 0.3 metres per
nanosecond, the distance from the target can be calculated. In addition, the scanner viewing
angle at the time each pulse reflection was received and the sensor position and orientation
must be available so that the 3D position of the target can be defined. The sensor position is
provided by a GPS/IMU system (Global Positioning System and Inertial Measurement
Unit) and the viewing angle is recorded by the sensor itself. Thus, in principle, the positions
of the laser hits are determined in-situ, although in practice the final positions are produced
during post-processing, when certain sources of bias are removed.

Although nowadays practically all sensors are capable of recording multiple reflections
per pulse, a laser pulse cannot penetrate solid surfaces, due to the wavelength used.
Therefore, not every pulse generates multiple returns; only those pulses which encounter
features which at least partly allow the light to penetrate them, such as the forest canopy,
generate multiple reflections. In considerably simplified terms, the first return is generated
when a pulse encounters the canopy and the last return when it encounters the bare earth. In
practice there are many pulses which provide only one reflection, so that the first return can
be considered equal to the last return. Modern sensors can record at least three reflections
but often only the first and last one are eventually utilized. In forestry applications the
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accurate determination of the ground level is essential because the primary interest is
usually in the scale of the pulse heights relative to the ground level. The accurate results of
estimating forest characteristics by ALS data are, indeed, a consequence of the possibility
to estimate both ground and canopy level from the data. Conceptually, the first step in
forest inventory applications is almost always to create a terrain model and to subtract it
from the (orthometric) pulse heights in order to scale heights above ground level.

Some small footprint LIDARs are also capable of digitizing a full waveform, i.e.
reflections as a function of height. Full waveform digitization is still rather uncommon, but
it is expected that there will be a great deal of methodological development around this
topic in the near future. When LIDAR data is being collected, sensors also capture the light
intensity of each pulse that is returned, and this intensity can be used to generate
orthophoto-like images, although these are not widely used because of the substantial
fluctuation in intensity values.

Airborne LIDAR instruments are usually carried by conventional aircraft, which are
preferred mostly for economic reasons, but helicopters may be used as well. As the aircraft
moves forward the LIDAR system transmits laser pulses across the flight direction,
resulting in a Z-shaped pattern of points on the ground. The x spacing of the laser hits on
the ground depends on the viewing angle, pulse repetition rate (i.e. how many pulses are
generated per second) and flight altitude. Correspondingly, the y spacing is a function of
the flight speed, pulse repetition rate and flight altitude. The flight altitude and viewing
angle also determine the swath width on the ground. By capturing numerous adjacent flight
lines, usually with a 20-40% overlap, full area coverage is achieved. A side view of an ALS
point cloud for a mature spruce stand is presented in Figure 1.

275

Height above ground level (m)

0 10 20 30 40 50 60 70

Transect (m)

Figure 1. Side view of a 5 metre deep transect of ALS data for a mature spruce stand in the
Matalansalo test area acquired with an Optech ALTM 2033 sensor at an altitude of 1500
metres above ground level. Only the first pulses are depicted in the figure. The pulse density
is about 0.7 measurements per square metre. The black dots represent pulses classified as
ground hits.
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Correspondingly, the beam divergence and flight altitude determine the laser beam
diameter on the ground, or footprint diameter. The ALS installations discussed here can all
be considered small-footprint LIDARs. Large-footprint (e.g. 10-25 m) LIDARs are
operated from space and employ slightly different technology, so that they will be ignored
here. In small footprint LIDARSs the footprint diameter is usually 0.1-1 m. Most commercial
ALS systems provide a vertical accuracy of about £ 5-50 cm depending on the surface
characteristics and sub-metre horizontal accuracy. The typical flight altitude is 200-3000
metres above ground level, and the pulse density on the ground is usually something like
0.1-10 measurements per square metre. Most commercial ALS systems currently use a
near-infrared wavelength (e.g. 1064 nm) and the pulse repetition rates are in the range 30—
200 kHz. What is common to all state-of-the-art technologies, however, is that
developments are rapid, and therefore the above parameters and sensor characteristics may
no longer be valid even in the near future.

1.4 Stand level forest inventory by airborne data
1.4.1 Inventory unit

In terms of inventory unit, a very similar categorization of inventory approaches can be
used with both ALS data and aerial photographs. The unit may be an operative stand, a
“microstand”, a plot or a tree. A microstand is a homogeneous patch of an area that is
usually smaller than an operative forest stand (Hyvonen et al. 2005). Microstands are
always created using image segmentation techniques, and thus are also referred to as
(forest) segments. The major difference between microstands and operative stands is that
microstands are not designated to be used as a basic treatment unit in silviculture; they are
used for inventory purposes only or may be used as stands marked for cutting, for instance.

Automatic tree level inventory methods rely on the delineation of individual tree crowns
to segments. Both 2D and 3D techniques have been introduced for this purpose. The idea
behind individual tree detection is that their crown dimensions can be correlated with tree
characteristics of primary interest such as diameter at breast height and tree height, after
which generic models that use diameter and height as explanatory variables may be used to
estimate the stem volume. In 2D methods only the crown diameter or area is used to
estimate other tree characteristics, while in 3D methods tree height can also be determined.
Because of the direct determination of height, 3D methods produce much more accurate
estimates for stem characteristics of interest. Tree level inventory approaches produce ideal
input data for forest management systems which operate at the single tree level, such as the
systems currently used in Finland. One disadvantage, however, is that suppressed trees
which are not visible from above cannot be detected and the individual tree interpretation is
also generally difficult in a dense forest.

The basis of the methods applied at stand, plot or microstand level is to estimate the
required forest attributes for a group of trees directly at that level. Even though all methods
entail a natural inventory unit, the applicability of the method is not tied to any particular
level. Individual trees, for instance, can be used to compose a plot, or plots can be
aggregated to form stands, e.g. using a grid approach (Nasset 2004a). Due to averaging,
up-scaling generally increases the accuracy at the aggregated level.
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1.4.2 Aerial photographs

Previous studies have presented multiple ways to utilize aerial photographs in forest
inventories. These can be categorized to techniques that use visual (or manual)
interpretation and those that use computer-aided interpretation. In the era of analogue
photographs it was naturally only visual interpretation that was used. However, in the era of
digital images visual interpretation is still frequently used, for instance, in the delineation of
forest stands. Visual interpretation has played an especially important role in two-phase
sampling. The principle is that aerial photographs are used for stratification in the first
phase and in the second phase a subset of plots or stands are measured in the field and the
results are generalized to the whole area (Poso 1972; Mattila 1985; Spencer & Hall 1988).
During the past decades numerous other visual interpretation methods for forest inventory
purposes have also been studied at the tree and stand levels using both 2D and 3D
techniques (Nyyssonen 1955; Aldrich et al. 1969; Talts 1977; Needham & Smith 1987,
Nesset 1991; Gagnon et al. 1993; Anttila 1998). According to Anttila (2005), Nordic
research into visual interpretation has mostly been aimed at stand level inventories. In
general, visual interpretation is a time-consuming task, which often leads to high costs. Its
disadvantage is also its subjectivity, which means that the outcome and its accuracy vary
from surveyor to surveyor. The focus has therefore switched towards computer-aided
interpretation.

Forest inventory methods which rely on the use of aerial photography may also be
divided into 2D and 3D methods. In 2D methods the radiance observed by the camera and
the texture it creates onto the image plane are used as predictors. The radiance observed by
the camera system is usually referred to as the digital number (DN) or just pixel value,
because in practice nowadays only digital images are used and the radiance cannot be
converted into reflectance in real world applications. The terms spectral feature and tone
are generally used, too. Texture contains information about the spatial distribution of tonal
variations within an image. There are several methods which have been used to describe
texture in numerical images, the most common of which is probably the principle of grey-
tone spatial dependence matrix presented by Haralick et al. (1973). The reason for the use
of texture is that it makes sense to utilize all the meaningful information available in the
images, and spectral features do not take into account spatial variation at all. The combined
use of spectral and textural features has often been found to improve the accuracy by
comparison with the use of tone alone (see Anttila 2005 p. 11).

In 3D methods photogrammetry is employed. The fundamental task of photogrammetry
is to rigorously establish the geometric relationship (orientations) between the image and
the object (Mikhail et al. 2001). Once this relationship is correctly recovered, one can then
derive information about the object. In forest inventory applications the aim of
photogrammetry is the extraction of tree or stand dimensions. Therefore 3D
photogrammetric methods can in a sense be compared with ALS based inventory methods.

A common tree level 2D approach consists of first detecting the tree tops by assuming
that the local intensity maxima on the aerial images will represent tree tops, after which the
crowns are segmented by means of a region-growing algorithm (Dralle & Rudemo 1996;
Lowell 1998; Wulder et al. 2000; Pitkdnen 2001; Anttila & Lehikoinen 2002). Another
approach to detecting individual trees is to use predefined instances of sub-images, called
templates. This type of technique has been developed and tested by many authors (Pollock
1996, 1999; Larsen 1997; Larsen & Rudemo 1998; Olofsson et al. 2006). Korpela (2000,
2004) extended the template matching approach to a 3D application, which enables tree
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height determination as well. Other approaches to the detection of individual tree crowns
are valley following (Gougeon 1995), multiple-scale analysis (Brandtberg & Walter 1998)
and edge detection (Pinz 1999).

Automatic forest inventory methods which exploit aerial photographs at the stand,
microstand or plot level mostly employ spectral features and texture. To mention a few
recent studies, approaches of this kind have been employed in Hyyppé et al. (2000),
Shugart et al. (2000), Holmstrom et al. (2001), and Hyvonen et al. (2005). However, 3D
methods have also been adopted at the stand level, such as the one by Korpela & Anttila
(2004).

The drawback of aerial photography is that the radiance observed by the camera is
affected by several forms of spectral distortion, such as light fall-off effects and variations
in atmosphere and imaging geometry (King 1991; Pellikka 1998; Lillesand et al. 2004). In
addition, the camera system, film and post-processing can cause undesirable variation in the
pixel values. The most significant source of spectral distortion, at least where forests are
concerned, is the bi-directional reflectance effect. This can be perceived in aerial
photographs as variation in brightness caused by the fact that the tree crowns in the
direction of incoming radiation expose their shady sides to the camera and those in the
opposite direction their illuminated sides (Holopainen & Wang 1998). Due to spectral
distortion, the same object is not represented with congruent pixel values in different parts
of the image or in different images. When spectral features are used in the computer-aided
interpretation of forest characteristics it is essential to minimize these anomalies. Several
empirical methods in particular and also some semi-empirical ones have been developed
and tested for this purpose.

Aerial photography is currently in a transitional phase from analog to digital imaging.
Although digital images have almost exclusively been used for some time, usually images
have been captured with an analogue frame camera and digitized afterwards by scanning
the film. Currently digital aerial cameras are replacing traditional analogue frame cameras
and only then is an error prone analog-digital transformation avoided completely. Digital
cameras bring also some new characteristics to the aerial imaging, such as capturing 4
multispectral bands simultaneously, separate panchromatic band(s) and an image fusion
technique called pan-sharpening. GPS/IMU systems, which provide in-situ positioning of
the camera and its rotations, are also becoming increasingly common.

The accuracy of forest inventory techniques based on aerial photography has in general
been poorer than that achieved with traditional field inventories and only part of the
necessary information can be collected in this way. In addition, the author has observed that
the promising results achieved with ALS data have decreased considerably the interest in
developing inventory methods based solely on aerial photographs.

1.4.3 Airborne laser scanning

The two main approaches for predicting growing stock characteristics using ALS are the
laser canopy height distribution approach (also referred to as the “area based statistical
approach”), usually used with low-resolution data (Naesset 1997, 2002; Lim et al. 2003;
Maltamo et al. 2006b; Jensen et al. 2006; van Aardt et al. 2006), and the individual tree
delineation approach (3D), used with high-resolution data (Hyyppd & Inkinen 1999;
Persson et al. 2002; Popescu et al. 2003; Maltamo et al. 2004; Solberg et al. 2006;
Peuhkurinen et al. 2007). Low resolution means in this context that the pulse density at
ground level is about 1 per square metre and high resolution about 5-10 per square metre.
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The major difference between the laser canopy height distribution and the individual tree
delineation approach is that the latter relies on the recognition of individual trees and
allometric relationships on the tree level, whereas the former uses height hits directly on the
plot, microstand or stand level to estimate growing stock characteristics. A common
method in individual tree delineation is to detect trees from an interpolated canopy height
model by locating local maxima of the height values. After that trees are segmented around
local maxima, for instance by some region growing algorithm. In the canopy height
distribution approach regression modelling is the most often used estimation technique,
although other methods, such as the non-parametric approach used in this thesis, have also
been utilized. Most actual forestry applications have so far been based on the canopy height
distribution approach.

ALS data have been used to construct theoretical diameter distribution models in
Norway and Finland (Gobakken & Nasset, 2004, 2005; Maltamo et al. 2006a; Bollandsas
& Nasset 2007; Maltamo et al. 2007). These studies have employed the parameter
prediction method, the Weibull function and percentile-based distributions. All of these
studies considered basal area diameter distributions at stand level. In addition, Maltamo et
al. (2007) showed that unlike conventional angle count measurements, ALS data do not
require the use of basal area distributions: diameter distributions can be formed directly in
terms of tree frequencies without a loss of accuracy in volume estimates. Maltamo et al.
(2007) also tested the usability of calibration estimation for adjusting the predicted
distributions to be compatible with the ALS based estimated stand volume. Mehtitalo et al.
(2007) presented an ALS data based parameter recovery method, where values for the
parameters of assumed diameter distribution and height-diameter models are determined
simultaneously. An advantage of this approach is that if a solution for the formulated
system of equations exists, it is always compatible with the predictions of stand
characteristics.

Regarding total characteristics, such as the total volume, the accuracies obtained by
ALS have been even better than those achieved with traditional stand level field inventory
techniques.

1.4.4 Species-specific estimation by ALS data

Most ALS studies have concentrated on predicting total stand characteristics, thus tree
species are not taken into account. There are many reasons why tree species are often
ignored. One reason may be that either the study has no link to practical requirements or, as
in many cases, there is no need for species-specific inventory data. In intensively managed
tree plantations, for instance, it is practically always known what the tree species of a stand
is. It may also be the case that tree species has already been taken into account by defining
the main tree species at the stand level as a separate prestratification stage using aerial
images, as is done for example in Norway (Nasset 2004b). A third reason for not taking
tree species into account may also be that estimating growing stock is considered to be too
difficult a task. This is certainly true in areas where, for instance, 5-10 tree species exist. In
Finland, however, there are only two important coniferous tree species, Scots Pine and
Norway spruce, and deciduous trees are in the minority, representing less than 20% of the
growing stock (Korhonen et al. 2006). This makes it is feasible to estimate growing stock
by tree species in Finland.

The majority of species-specific ALS studies have been carried out on the individual
tree level, where the unit of classification is obvious, a single tree (e.g. Persson et al. 2003;
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Moeffiet et al. 2005; Orka et al. 2007; Liang et al. 2007). Some studies have employed only
ALS data (e.g. Holmgren & Persson 2004; Brandtberg 2007) and some have combined
ALS and spectral data (e.g. Koukoulas & Blackburn 2005; Holmgren et al. 2008). Note that
in the above mentioned studies tree species classification was carried out but final species-
specific end products of forest inventory were not produced. Korpela et al. (2007) seems to
be so far the only publication in which an entire individual tree based inventory system that
also takes into account tree species was tested and accuracies were reported. In that
particular case an experienced photo-interpreter carried out the visual interpretation of tree
species by using aerial photographs.

In the case of a plot or stand level inventory individual trees cannot be classified;
instead species-specific forest attributes must be estimated directly for a group of trees. It is
apparent that at least at the plot or stand level ALS data alone cannot discriminate tree
species very well. However, since it contains structural information about the canopy, ALS
data differs considerably in response from the conventional spectral images used in remote
sensing. Because this structural information contains at least some information about tree
species and it differs considerably from the spectral response, it makes sense to combine
ALS data with aerial photographs when estimating species-specific forest characteristics.
Aerial photographs have broadly been used to discriminate tree species in visual
interpretation. However, it is not so obvious that aerial photographs may be used to
discriminate tree species accurately in computer-aided image interpretation. Several
spectral distortions, changing lighting conditions and tree species which create similar
kinds of spectral and textural fingerprints aggravate the interpretation considerably. On the
other hand, the virtue of using aerial photographs in a forest inventory is that they usually
do not introduce extra costs because they are already needed for stand delineation.

So far there have been very few experiments with ALS data in which the forest growing
stock has been estimated by tree species. Nor have there been ALS data based diameter
distribution studies where tree species would have been considered.

1.5 Objectives

The overall aim of the thesis is to develop and evaluate methods for species-specific stand
level forest inventories using a combination of ALS data and aerial photographs. A specific
point of interest is to produce those tree characteristics that are required in Finland, i.e.
ultimately diameter distributions by tree species. The specific objectives for papers I-IV
are:

I.  To evaluate two different approaches and their accuracy in predicting species-specific
volumes and total volume at the plot level. The approaches tested were regression
modelling combined with fuzzy classification and k-MSN in a multivariate manner.

II. To develop and test the ability of the k-MSN method to predict simultaneously
numerous species-specific stand attributes and total characteristics as their sums.

II. To develop methods and test the ability of remote sensing information to predict
species-specific diameter distributions. The k-MSN method is extended for the
estimation of diameter distributions.

IV. To further develop the previously presented method (II-I1I), in particular, the aim was
to improve the overall accuracy of tree species-specific estimation and the
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applicability of the method in operational use by employing a rigorous data fusion
method.

2 MATERIALS
2.1 Study areas and field data

Two study areas were used in this thesis, henceforth referred to as Matalansalo and Juuka.
The Matalansalo study area was used in papers I-III, whereas the Juuka area was used in
study IV. Both areas represent typical Finnish managed boreal forests and are located in
eastern Finland. The Matalansalo area covers approximately 2 000 and Juuka about 12 000
hectares. The study areas are dominated by coniferous tree species, namely Scots pine
(Pinus sylvestris L.) and Norway spruce (Picea abies (L.) Karst.). Deciduous trees, mainly
the downy birch (Betula pubescens Ehrh.) and silver birch (Betula pendula Roth.), are
usually in the minority in the tree stock. All the deciduous species were lumped together in
the present work, as it was already known beforehand that they are virtually impossible to
separate by remote sensing methods under Finnish conditions, where the forests are
dominated by coniferous species and the vast majority of the deciduous trees are birches.
Basically the same materials were used in papers I-1II and therefore described only once.

A network of circular sample plots with a radius of 9 metres was established on both
areas. The Global Positioning System with differential correction was used to determine the
position of the centre of each plot to an accuracy of about 1 meter. Sample plots were
placed in the young, middle-aged and mature forests. Seedling and sapling stand
development classes were completely left out from this study. The diameter at breast height
(dbh), tree and storey class and tree species were measured for each tree with a dbh greater
than 5 cm. Height was measured for one sample tree of each species and storey class by
plots, and this information was used for calibration of the tree species-specific height
models. In Matalansalo a H-D curve by Veltheim (1987) was employed, whereas in Juuka a
local H-D model was fitted using a function form by Nislund (1937). The volumes of
individual trees were calculated using the species-specific models presented by
Laasasenaho (1982). Finally, basal area (G), number of stems (N), volume (V) and diameter
(dgm) and height (hgm) of the basal area median tree were calculated for each plot and
stand and multiplied out to the hectare level.

In Matalansalo a network of 463 sample plots distributed over 67 forest stands was
measured in the summer of 2004. Scots pine is the main tree species on 59% of the plots,
Norway spruce on 34% and deciduous trees on 7%. At least two tree species occurred in
92% of the plots. In Juuka a field data of 493 plots were acquired during the consecutive
summers of 2005 and 2006. The dominant tree species represented over 90% of the volume
in 48% of the plots, 75-90% in 25%, 50-75% in 23% and less than 50% in 3%. Only one
tree species occurred in 12% of the plots, two in 34% and three in 54%. Due to ample
species mixture both data sets can be considered to represent mixed boreal forests
realistically and therefore suitable for studies where species-specific estimation is in focus.
In Matalansalo, the plots were placed such a manner that that there were always numerous
plots within a stand, i.e. an average of seven plots per stand. This enabled the calculation of
the stand level results by taking the mean value for all the plots within one stand. In Juuka,
there is generally only one plot for each stand.
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2.2 Remote sensing data

In Matalansalo the ALS data was collected at night on August 4, 2004 using an Optech
ALTM 2033 laser scanning system operating at an altitude of 1500 m above ground level
using a half-angle of 15 degrees. This resulted in a swath width of 800 metres and a
nominal sampling density of about 0.7 measurements per square metre. The divergence of
the laser beam (1064 nm) was set at 0.3 mrad, which produced a footprint of 45 cm at
ground level. Altogether seven laser strips were measured with an overlap of 35 percent,
and both first and last pulse data were recorded.

In Juuka the ALS data was collected on July 13, 2005 using an Optech ALTM 3100C
laser scanning system. The area was measured from an altitude of 2000 m above ground
level using a field of view of 30 degrees and a side overlap of about 20%. This resulted in a
swath width of approximately 1050 m and a nominal sampling density of about 0.6
measurements per square meter. Altogether 7 laser strips were measured, one of which was
perpendicular to the other strips and used only for calibration purposes. The divergence of
the laser beam (1064 nm) was set at 0.3 mrad, which produced a footprint of 60 cm at
ground level. The Optech ALTM 3100C laser scanner captures 4 range measurements for
each pulse, but here the measurements were reclassified to represent first and last pulse
echoes.

A digital terrain model (DTM) was generated from the ALS data in both study areas.
First laser points were classified to ground points and other points (the method is explained
by Axelsson, 2000) and then a DTM raster with a cell size of 2.5 meters was created by
computing the mean of the ground points within each raster cell. Values for raster cells with
no data were derived using Delaunay triangulation and bilinear interpolation.

In Matalansalo the aerial photographs were captured on a colour-infrared film to a scale
of 1:30 000. The film used recorded the green, red and near-infrared portions of the
spectrum. The photographs were taken with a Leica RC30 camera using a UAGA-F 13158
objective with a focal length of 163.18 mm and an anti-vignetting filter (AV525 nm). The
films were digitized at a resolution of 14 pm with a Leica DSW600 film scanner and then
ortho-rectified and resampled to a pixel size of 0.5 metres. The DTM generated from the
ALS data was used in the ortho-rectification. The test area was covered by means of three
aerial photographs, all acquired on July 22, 2004. The Landsat 7 ETM scene used for
radiometric correction of the aerial photographs in Matalansalo had been captured on June
16, 2002. Since it was known beforehand that there had been no logging in the test area in
2002-2004, the two-year time difference between the acquisition dates of the aerial
photographs and the Landsat scene is insignificant.

In Juuka the aerial photographs were taken with a Vexcel UltraCamD digital aerial
camera on September 1, 2005. The images were taken at an altitude of 3000 meters above
ground level with a sidelap of 65 % and endlap of 80 %. The study area was covered by
260 images. In this thesis only color (red, green, blue) and NIR bands were used, thus pan-
sharpening was ignored; Vexcel refers to this processing level as Level-2. Ortho-
rectification was also discarded; unrectified images of known internal and external
orientation were used instead. The DTM generated from the ALS data was used in the
aerial triangulation as the source of height control points in calculating a Z-shift for
projection centers and thus adjusting the orientations in height to match the ALS data.



18

3 METHODS

3.1 Radiometric calibration of aerial photographs

The aerial photographs were corrected radiometrically using the method presented by
Tuominen and Pekkarinen (2004) in papers I-III. The idea is to correct anomalies caused by
the bi-directional reflectance effect using a set of local adjustment and image material that
is less prone to this effect. The bi-directional reflectance-affected intensities of the aerial
photographs were adjusted to the local intensities of a reference image, in this case the
Landsat 7 ETM, as its BRDF effect is insignificant compared with that of aerial
photographs. The local neighbourhoods were defined by means of a moving circle with a
radius of 40 metres. The mean value of the neighbourhood on the Landsat ETM image was
divided by the mean value of the aerial photograph in the corresponding neighbourhood and
further multiplied by the original pixel value in the aerial photograph. The correction was
made band-by-band using the approximately equivalent Landsat ETM channel to correct
the corresponding aerial photograph channel. The method does not change the shape of the
histogram within a moving circle; it only transfers its location.

It was perceived in the preliminary tests that the calibration method used here improves
the correlation between the image intensities and species-specific stand attributes. The
major benefit of this method is that it does not require any a priori information, hence it is
always applicable when a valid reference satellite image is available.

3.2 Predictor variables
3.2.1 ALS data

First the ALS data was converted to above-ground scale (canopy heights) by subtracting the
DTM from the orthometric heights. The ground hits were excluded by assuming that any
point with a canopy height of less than 2 metres is a ground hit and that the remaining
points are canopy hits. After that the first and last pulse height distributions for each sample
plot were created from the canopy height hits. Canopy height percentiles from 5 to 100%
(h5,..., h100) were computed, and the corresponding proportional canopy densities (p5,...,
p100) were also calculated for each of these quantiles. The actual percentile points used in
the modelling varied study by study. In addition, the proportions of canopy hits vs. ground
hits and the mean and the standard deviation of the canopy height hits were determined. All
metrics were calculated separately for the first and last pulse data.

3.2.2 Ortho-rectified images

The spectral and textural features calculated from the radiometrically corrected images
were used, together with the ALS data, as predictor variables in the modelling of forest
attributes in papers I-III. The idea of using aerial photography was to achieve tree species
discrimination. The spectral values used in the subsequent modelling were calculated as
averages of all pixels within a plot by bands. Apart from average values, median values
were used in a corresponding manner in papers II and III.

The textural features were calculated from the grey-tone spatial-dependence matrix on
the principle presented by Haralick et al. (1973). These textural features have been widely
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used in remote sensing during recent decades (Weszka et al. 1976; Marceau et al. 1990;
Muinonen et al. 2001; Coburn & Roberts 2004). There are a large number of parameters to
consider when selecting how to calculate these features, and at least the following need to
be considered: number of requantification classes, pixel size, window size, direction, lag,
channel or channel transformations and the texture measure itself (Franklin et al. 2000;
Tuominen & Pekkarinen 2005). There is no unambiguous way to resolve which
combination of textural features and parameters should be used. However, it would be
impractical to test all the alternatives. Therefore some criteria must be used to reduce the
parameter space. Here a preliminary selection of appropriate features and parameters was
made based on correlation analysis, discriminant analysis and observations made in
previous studies. The final features were calculated using 16 requantification classes and a
lag distance of 2.5 metres. Instead of employing the often used moving window technique
to calculate textures around the local neighbourhood of each pixel, all the textural features
were extracted directly from the circular sample plot.

3.2.3 Point proportions

The proportions of ALS points by tree species were used as predictor variables in paper IV.
The first step was to classify each ALS point as a pine, spruce or deciduous hit. This was
done by linking spectral values of aerial photographs to ALS points and using these as
patterns to classify each point. Due to the problems in linking a known 3D location to an
orthorectified image, unrectified images of known internal and external orientations were
used instead. Because adjacent images overlap in aerial photography each ALS point may
be assigned to many images, i.e. for each ALS point spectral values can be fetched from
many aerial photographs. In the remainder of the text p denotes the ALS point which is the
first echo and the height of which is greater than the plot level canopy height of the 10"
percentile.

Let 4 denote the whole set of aerial photographs. The set of aerial photographs from
which the DN values are fetched for the ALS point p is defined as follows:

1,=lae 4 p) (1)

where f{a,p) tests whether the point p lies within an image a. The location of the ALS point
in the image plane was calculated by the well known collinearity equations:

— mn( X, _XL)+mI1(Yp _YL)+ml‘»(Zp _ZL)
A m:l(Xp _‘X/,)+m:z(Yp -1 )ﬂ?’l;:(z,, -Z, )
y=—f mn(X/v X, )erzz(Yw 7Y1.)+m13(zn 7214)
‘ mal(Xp_‘XL)*'m;z(y; _YL)+m ;(Zp_ZL)’ (2)
where x, y are image coordinates relative to a principal point, f'is the focal length, X,,, Y, Z,

are ground coordinates of the ALS point, X}, Y;, Z; are ground coordinates of the exposure
station, and m,,...,m;3; are coefficients of the rotation matrix defined by the rotation angles
, ¢ and x (Mikhail et al. 2001). Subsequently, internal orientation was used to calculate
location in image coordinates and DN values were fetched from the pixel on which the ALS
point lies. The mean of the DN values were calculated for each ALS point as follows:
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where g(p,b,a) denotes a function that returns the DN value of band b={nir,red green,blue}
from the image a corresponding to the location of p.

A subset of 35 sample plots from Juuka was used as training data in supervised
classification. Tree coordinates were not recorded in the field and therefore the training data
consisted of only pure one species plots, i.e. all ALS hits within a sample plot represented
the same tree species. Since for spruce and deciduous trees there were not enough
completely pure one species sample plots, a slight species mixture had to be accepted.
Linear Discriminant Analysis (LDA) was used to create a discrimination model using the
training data (Venables and Ripley 2002). Mean values Pmeans by bands were used as
predictors in this model. Then each ALS point p — not only training data — was classified as
a pine, spruce or deciduous hit using this discrimination model. Finally the proportions of
ALS points by tree species were calculated for each plot.

3.3 Fuzzy classification

A pattern is a vector of features describing an object. The aim is to create a relationship
between a pattern and a class of objects. The relationship between an object and its class
may be of a one-to-one kind, producing a hard classification, or of a one-to-many kind,
producing a fuzzy classification. A fuzzy classification does not force each object to belong
to a single class. Instead, it allows multiple and partial class memberships among the
candidate classes (Wang 1990). A membership value between 0.0 and 1.0 is assigned for
every class with respect to each object, so that these values generally sum to 1.0 across all
the candidate classes. From a probabilistic viewpoint the membership value can be seen as
the probability of the object belonging to a particular class (Foody et al. 2003). Note that
the term fuzzy classification is used here as a generic term and does not refer exclusively to
fuzzy sets. The property of one-to-many classification is that often the signatures (training
features) do not represent pure examples of each class. For instance, there are usually many
tree species on one sample plot, so that the training data consist of different grades of
membership of each class on each plot.

In paper I the fuzzy classification was used to estimate the proportions of plot volume
by tree species. Spectral and textural features calculated from the ortho-rectified images
were used in classification. Three fuzzy classification approaches were studied: a posteriori
probabilities of maximum likelihood (ML) classification, a fuzzy classification based on the
underlying logic of fuzzy sets (FZ) and linear mixture modelling (LMM). To overcome the
problem of non-categorial signatures, an approach presented by Wang (1990) was
employed. This takes into account the fuzziness of signatures and enables the use of partial
class memberships.

3.4 The k-MSN method

The k-MSN method is a non-parametric nearest neighbour method which uses canonical
correlation analysis to produce a weighting matrix for selecting the k Most Similar
Neighbours from the reference data, i.e. observations which are similar to the object of
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prediction in terms of the predictor variables. It is possible by means of canonical
correlations to find the linear transformations U, and V) for the set of dependent variables
(Y) and independent variables (X) which maximize the correlation between them:

U=aY,and V, =y X, “)

where ¢, represents the canonical coefficients of the dependent variables and y the
canonical coefficients of the independent variables. U, and V, are ordered in such a manner
that the canonical correlation is largest for £ = 1, second largest for k = 2, etc. The
predictive power is thus concentrated in the first few canonical components.

The MSN distance metric derived from the canonical correlation analysis is as follows
(Moeur & Stage 1995):
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where X, is the vector of the independent variables from the target observation, X; is the
vector of the independent variables from the reference observation, I' is the matrix of
canonical coefficients of the predictor variables and A is the diagonal matrix of squared
canonical correlations. The k-MSN method used in this thesis is the same as the MSN
method described by Moeur & Stage (1995), except that the estimates for the target
observation are calculated as weighted averages of the k nearest observations in such a
manner that the weighting is based on the inverse of the MSN distance. The weight W,; of a
reference plot j for the target plot # was calculated as follows:
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where & is the number of nearest observations and u # j. One property of the k-MSN
method, as also of other nearest neighbour methods, is that they are multivariate, i.e.
multiple dependent variables may be estimated simultaneously.

3.5 Diameter distribution based on k-MSN imputed trees

k-MSN imputed diameter distribution consist of trees which occur in the field measured
reference plots that are used in the estimation of the target plot. This requires that, in
addition to the plot data used in the k-MSN estimation, tree data is available. In this thesis
the known attributes of each tree were: species, dbh (mm accuracy) and height (cm
accuracy). When constructing diameter distribution for the target plot, the stem frequency
represented by each tree on plot u is required. The plot level weight W,; used in the k-MSN
estimation can be used for this purpose (see eq. 6). Let 7,; denote a set of trees ¢ which are
imputed from the reference plot u for the target plot j, and # the number of trees in u:
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Then the eventual set of trees imputed from the k nearest reference observations for the
target plot is as follows:

T =11 Ty ®)

Here diameter distribution can also be considered a set of trees which are simply
ordered by diameter and within trees of the same diameter tree height, for instance, varies.
Because species-specific distributions were of interest, tree species were treated separately
in equations 7 and 8. Let 4 denote a factor that multiplies stem number to the hectare level:
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where pa is the area of the sample plot. Then the stem number represented by one tree is:

N, =W,A- (10)
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3.6 Diameter distribution based on the Weibull function

The predicted ALS-based species-specific stand variables, i.e. G, dgm and hgm, were used
to predict theoretical basal area diameter distributions by tree species by applying the three
parameter form of the Weibull function. The parameter prediction models (PPM) of
Mykkénen (1986) were used in the case of Scots pine and deciduous tree species and the
models of Kilkki et al. (1989) for Norway spruce. The probability density function of the
Weibull distribution is:
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where x is a random variable, i.e. tree diameter in cm, a is the lower limit of the
distribution, b is a scale parameter, and c is a shape parameter.

The 1-cm diameter class frequencies were first obtained from the cumulative
distribution of relative basal area after which they were scaled to absolute values by
multiplying them with the predicted species-specific basal area. Since only trees with a
diameter over 5 cm were considered, the basal area proportion of smaller trees were added
to diameter classes above 5 cm in a relative way. The number of stems in each diameter
class was obtained by dividing the absolute value of the class basal area by the calculated
basal area of the mean tree in the given class. The predicted species-specific frequencies of
a diameter distribution were further calibrated against the ALS-based number of stems
estimate using calibration estimation (see Deville and Sérndal 1992; Kangas and Maltamo
2000a).

For the calculation of class-wise stem volumes, tree height and stem volumes were
predicted for each class mean tree. Tree heights were predicted using Siipilehto’s (1999)
H-D curves and stem volumes were calculated using the volume models of Laasasenaho
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(1982). Plot level stem volumes were obtained by summing over the class-wise stem
volume predictions that were calculated by multiplying volume predictions of class mean
trees by the corresponding class-wise stem frequencies.

3.7 Estimation of growing stock by tree species

Paper 1 compares two approaches for determining species-specific volumes and total
volume at the plot level. The first approach consists of two stages, prediction of total
volume using ALS data and assignment of this total volume to tree species by fuzzy
classification and aerial photographs. Linear mixed-effect modelling was employed to
estimate the total volume, because there is a hierarchical structure in the study design. In
the second approach, volumes by tree species and the total volume were predicted
simultaneously using the k-MSN method based on both ALS data and aerial photographs in
one phase. Only species-specific volumes were predicted in the k-MSN approach, the total
volume being obtained by summing the species-specific estimates. The number of nearest
observations (k) was determined heuristically. In both approaches numerous combinations
of predictor variables were tested by manual insertion and deletion and the best
combination was selected. In the case of fuzzy classification there were also combinations
in which only textural or spectral features were present. Both approaches guarantee that the
sum of the species-specific volumes will logically give the total volume.

In paper II the species-specific forest variables volume, stem number, basal area and
diameter and height of the basal area median tree were estimated for Scots pine, Norway
spruce and deciduous trees and the total characteristics were determined as sums of the
species-specific estimates. The median tree characteristics were estimated only by tree
species because these are not of interest in Finland when all the tree species are lumped
together. The k-MSN method was applied in the estimation in which all the species-specific
attributes were estimated simultaneously. Height and density metrics of ALS data and
spectral and textural features calculated from the ortho-rectified and radiometrically
corrected images were used as predictor variables. It had already been observed in the
previous tests that the selection of proper predictor variables for the k-MSN model is a
time-consuming task and should be automated somehow. Therefore an algorithm was
developed the aim of which is to minimize the weighted average of the relative RMSEs. It
should be noted that when there are many dependent variables the cost function used in the
minimization is not unambiguous; some control must be maintained over how much weight
is given to the different dependent variables. The algorithm developed here takes into
account the multiple criteria involved in the problem by letting the user define the weights.

Paper III investigates the ability of remote sensing information to predict species-
specific diameter distributions. The first nearest neighbours were established and growing
stock was estimated using the k-MSN approach developed in paper II. Then two
approaches were compared: a method based on nearest neighbours, and a theoretical
diameter distribution model. In the nearest neighbour approach the k-MSN imputed trees
were used as such to predict diameter distribution. In the theoretical diameter distribution
model the ALS based estimates were used to predict basal area diameter distributions by
tree species by applying the Weibull function and further calibration estimation. These
methods are explained in detail in sections 3.5 and 3.6.

Paper IV presents a method in which unrectified aerial photographs of known internal
and external orientation are utilized. The use of a combination of ALS data and
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orthorectified aerial photographs has been studied in papers I-1II. However, there are some
weaknesses in this approach: aerial photographs need radiometric correction, and the ALS
points and aerial photographs are not properly fused due to the radial displacement. When
ALS points are linked to unrectified aerial photographs of known orientation parameters,
better data fusion is attained. In addition, each ALS point is mapped to several aerial
photographs and the average of DN values is utilized; this averaging is considered to be a
good substitute for radiometric correction. Bandwise DN averages are then used as patterns
to classify each point as a pine, spruce or deciduous hit and the proportions of ALS points
by tree species are calculated for each plot. This procedure as a whole is described in
section 3.2.3. Finally the same k-MSN approach as earlier was used to estimate growing
stock volume by tree species but instead of using aerial photograph based features directly
species proportions were used along with ALS predictors in the modelling. A selection of
predictor variables was based on an algorithm which has many similarities with the one
presented in paper II. An advantage of the algorithm used here is that it enables the
modification of numerous variables at the same time, which is useful especially when
avoiding local minima. In addition, due to the flexibility of the parametrization, it is easier
to control the number of variables included in the solution.

3.8 Accuracy assessment
The Root Mean Square Error (RMSE) is quoted in the literature as an established way of

validating the accuracy of a forest inventory. It is a measure of variability that includes the
effects of both bias and random error. An absolute RMSE is computed as follows:

Z(yi _.j>i )2
i=1

RMSE =
" ; (12)

where 7 is the sample size, e.g. number of plots or stands, y, is the observed value for
sample i and 3, is the predicted value for sample i. Correspondingly, the bias in absolute

terms is calculated as follows:
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Both absolute and relative forms of bias and RMSE were used in all papers. The relative
figures were computed as percentages by dividing the absolute value by the true mean of
the characteristic concerned. In paper II the plots were divided into two groups, for use as
modelling data (265 plots) or test data (198 plots), and both modelling and accuracy
assessment took place at the plot level. In papers II and III the results were calculated by
means of cross-validation, for which an additional condition was imposed, that the similar
neighbours were never taken from the same stand as the target plot, to avoid excessively
optimistic results. The estimation in papers II and III was carried out at the plot level but
the results and reliability characteristics were presented at both the plot and the stand level.
The stand level results were computed by taking the mean value for all the plots within one
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stand. In paper IV the reliability characteristics were calculated at plot level by means of
cross-validation.

In diameter distribution study (III) the accuracy of dominant height and log and
pulpwood estimates were considered as well. Dominant height was chosen as test variable
because it is not predicted directly but is based on predicted distribution, and it has
considerable importance in the prediction of the future development of the tree stock (e.g.
Hynynen et al. 2002). Log and pulpwood volumes were chosen as test variables because
they can be regarded as the most important end products derived from diameter distribution
(Siipilehto 1999). Timber assortments were modelled using the taper curves of Laasasenaho
(1982). In addition, the goodness of fit of the predicted diameter distributions was measured
with an error index which is fairly similar to the one proposed by Reynolds et al. (1988).

In Paper IV the RMSE was also calculated for the volume of pine, spruce and deciduous
trees by taking into account only those plots in which the tree species in question
represented more than 10% of the total volume in the plot. This alternative way to calculate
RMSE tries to address the issue of numerous “near to zero” observations and it also
resembles the approach currently used in Finnish inventories by compartments, i.e. minor
tree species are not considered. It was also investigated in paper IV how well the main tree
species is preserved in the estimates.

4 RESULTS

4.1 Volume estimates by tree species

The k-MSN method produced considerably more accurate estimates of species-specific
volumes (see paper I) than any of the fuzzy classification methods (Table 1), the relative
RMSEs for the volumes of pine, spruce and deciduous trees being 45.50%, 61.98% and
92.30%, respectively, where the corresponding figures for the best fuzzy classification-
based method, ML, were 62.87%, 81.41% and 148.75%. The other fuzzy classification
methods, FZ and LMM, yielded highly imprecise estimates. The relative RMSE of the total
volume was 18.88% for the methods based on fuzzy classification and 23.86% for the k-
MSN method. Thus the precision of the fuzzy classification approach in which the total
volume is predicted beforehand using mixed model regression is slightly better than that of
the method in which the total volume is obtained by summing the species-specific volumes,

Table 1. Accuracy and bias of the volume estimates by tree species and the total volume
estimate. ML = maximum likelihood classification, FZ = fuzzy classification, LMM = linear
mixture modelling and k-MSN = k-Most Similar Neighbour.

RMSE (%) BIAS (%)
Method Pine  Spruce  Decid. Total Pine  Spruce Decid. Total
ML 62.87  81.41 14875 18.88 140 1070 -57.87  -1.48
FZ 83.73 80.35 289.19 18.88 52.00 -2.85 -243.85 -1.48
LMM 79.83 113.83 265.36 18.88 24.65 -21.25 -52.39 -1.48

k-MSN 45.50 61.98 9230 23.86 1.91 -9.92 3.51 -2.48
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although the accuracy of the total volume estimate for the k-MSN method, 23.86% at the
plot level, can be considered very good as well.

The biases were also considerably higher in the fuzzy classification approaches than
with the k-MSN method (Table 1). ML was the only fuzzy classification method which
produced fairly unbiased estimates, except for deciduous trees. The biases of the species-
specific estimates in the k-MSN method were minor for pine (1.91%) and deciduous trees
(3.51%), only the volume of spruce was moderately overestimated (-9.92%). The level of
bias of the total volume estimates was always acceptable.

The final models always contain spectral and textural features from the aerial photographs
and laser-based height and density metrics. As expected, it was perceived that there is a
clear dependence of the NIR band on the abundance of deciduous trees, and that textural
features are useful for discriminating between the coniferous tree species. The manual

selection of proper explanatory variables into the k-MSN model turned out to be a laborious
task.

4.2 k-MSN estimates of species-specific stand attributes

The optimization of predictor variables in paper II resulted in 25 predictors altogether, 7 of
which were aerial photograph based and 18 ALS based. The aerial photograph-based
variables included both spectral and textural features. In the final solution the number of
nearest observations (k) was set at 5. The accuracy and bias of the estimated stand
characteristics are presented in Table 2.
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Figure 2. Measured versus predicted volumes by tree species and total volume at the stand
level.
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The relative RMSEs were highest for the attributes of deciduous trees. This was
expected, because their numbers are rather small in the test area and quite often they do not
occur at all in the dominant canopy layer. The spruce and pine characteristics were
estimated considerably better. Pine was usually predicted slightly better than spruce, but
this was partly an outcome of the weights selected for optimization of the predictor
variables. The height of the basal area median tree was estimated most accurately, whereas
the stem number was the most inaccurate. The stand level species-specific accuracies
achieved here can be considered acceptable by comparison with a conventional field
inventory by compartments (Haara & Korhonen 2004).

Total characteristics were estimated accurately, especially at the stand level, where the
RMSEs for volume and basal area were approximately 10% and for the stem number
slightly over 15%. These figures are much better than those attained with current inventory
practises in Finland. All the biases were insignificant at the stand level, but at the plot level
the bias was significant at the 95% confidence level in the case of deciduous volume, and
both dgm and hgm for pine (Table 2). The biases of the total characteristics were always
very low.

Table 2. Accuracy and bias of the estimated stand characteristics at the plot and stand
levels. ** denotes that the bias was significant at the 95% confidence level.

Plot level Stand level
RMSE (%) BIAS RMSE (%) BIAS

Deciduous

V, m*ha™ 102.84 2.16™ 62.33 2.46

G, mzha” 87.76 0.23 52.53 0.29

N, ha™ 89.69 19.85 47.55 27.92

dgm, cm 4593 0.20 25.34 -0.17

hgm, m 32.15 0.10 18.40 -0.30
Pine

V, m*ha™ 51.55 -1.11 28.08 -2.07

G, m2ha” 46.56 -0.22 27.05 -0.34

N, ha™ 60.53 -13.50 40.81 -13.10

dgm, cm 23.08 0.72" 16.91 0.11

hgm, m 16.04 0.37" 8.46 0.09
Spruce

V, m*ha” 55.72 -0.61 32.64 -0.41

G, m2ha’ 51.19 -0.09 31.30 -0.08

N, ha™ 63.61 -2.34 38.07 -11.15

dgm, cm 33.06 -0.12 20.15 0.04

hgm, m 29.97 -0.14 17.63 -0.02
Total

V, m*ha™ 20.51 0.44 10.36 -0.02

G, mzha” 17.15 -0.08 8.63 -0.14

N, ha™ 29.95 4.01 15.88 3.66
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An example of measured versus predicted growing stock volumes by tree species and
total volumes at the stand level is given in Figure 2. The solid line indicates a perfect fit for
the prediction line. The trend is predicted fairly well with respect to both the species-
specific volumes and total volume. It is worth noting that, due to the small numbers of
deciduous trees, the imprecision in terms of the relative RMSE is no longer in evidence
when the predictions are plotted against the measured observations, because the absolute
scatter is approximately the same or even smaller than that for the other tree species.

4.3 Diameter distributions

The k-MSN distribution produced more precise estimates than the Weibull method for
spruce, deciduous trees and total volumes; but in the case of pine, the RMSE was slightly
lower when using the Weibull method. Biases were generally much lower in the k-MSN
method. With respect to deciduous trees both distribution modelling methods produced
some bias, which was partly caused by the biased estimate of the deciduous volume. It is
worth noting that the distribution based on k-MSN imputed trees provides exactly the same
results as the k-MSN estimation.

Regarding timber assortments the k-MSN distribution provided generally more precise
estimates of logwood and pulpwood volumes than the Weibull distribution (Table 3). An
exception was the pulpwood volume of deciduous trees, where the Weibull distribution was
slightly more precise. The biggest difference was in the case of spruce, where the RMSE of
pulpwood volume was 61.92% for the Weibull and 47.71% for the k-MSN distribution. The
corresponding figures for logwood were 61.06% and 43.56%. In addition, the Weibull
distribution provided highly biased estimates for the pulpwood and logwood volumes of
spruce. With respect to estimates of deciduous trees all relative RMSEs are large and
mostly biased although in absolute terms these figures are quite small. In the case of pine
both methods provided almost equal accuracy.

Dominant height was estimated more precisely by the k-MSN method than the Weibull
distribution although the difference was modest (RMSE 5.61% vs. 6.23%). Note that even
if dominant height was not predicted directly but was based on predicted distribution the
obtained accuracy level was very good. One reason for this is that dominant height does not
take into account tree species and ALS data is able to describe the height profile very well.
Dominant height was somewhat underestimated (-0.43m) when the Weibull distribution

Table 3. Accuracy of the log- and pulpwood estimates by tree species for both distribution
modelling methods.

Weibull distribution k-MSN distribution
RMSE (%) BIAS (%) RMSE (%) BIAS (%)
Pine Pulpwood 31.86 2.29 30.30 5.38
Spruce Pulpwood 61.92 25.85 47.71 2.05
Deciduous Pulpwood 72.97 2.51 74.30 -9.08
Pine Logwood 40.97 -3.27 39.97 -0.36
Spruce Logwood 61.06 -25.78 43.56 -0.46

Deciduous Logwood 142.93 -37.62 114.54 -17.63
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was used. Correspondingly, the k-MSN method slightly overestimated (0.38m) dominant
height.

Error indices which show how well predicted diameter distributions correspond to
actual ones also indicated the superiority of the k-MSN distribution: k-MSN distributions
always fitted better to the observed distribution than the Weibull distribution did. In the
cases of pine and deciduous trees the difference was rather small but in the case spruce the
k-MSN method was able to describe diameter distribution much better than the Weibull
distribution.

4.4 Rigorous data fusion method

A first step in the two staged method developed in paper IV was to classify ALS points as
pine, spruce or deciduous hits. Several combinations of variables and their transformations
were tested in order to find the ultimate form of the discrimination function. The final LDA
model contained logarithms of two band ratios. A reason for using band ratios instead of
the original DN values was to further stabilize the discrimination model. The overall
classification accuracy of the LDA model in the training data was 89.8%.

The number of variables included in the k-MSN model was kept low in the optimization
of predictor variables by setting the parameters accordingly. There are 9 predictors as a
whole, 7 of which are ALS based variables and 2 are species proportions of classified ALS
hits. It is worth noting that when two species proportions are included in the model, the
third one is no longer needed, because this information is already included implicitly in the
formulation.

The RMSE and bias of the volume estimates are presented in Table 4. The relative
RMSE was considerably lower for pine (33.63%) than for spruce (62.86%) or deciduous
trees (83.95%). A reason for the lower relative precision in the case of spruce and
deciduous trees lies, of course, in the small mean volume. The total volume was predicted
quite accurately (20.28%) by summing species-specific estimates. All the biases were
basically negligible. Table 4 also depicts precisions when RMSE is calculated both in
absolute and relative terms based on only those plots in which the tree species in question
represented more than 10% of the total volume in a plot. The absolute RMSE of pine
increased slightly whereas the relative RMSE decreased slightly compared to calculations
based on the inclusion of all observations. With respect to spruce and deciduous trees, in
absolute terms RMSEs increased substantially but, on the other hand, relative RMSEs

Table 4. Accuracy of the volume estimates by tree species and the total volume estimate at
the plot level. Subscript s >10% denotes that only to those plots in which the tree species in
question represented more than 10% of the total volume in a plot were included in the
accuracy assessment.

Pine  Spruce Decid. Total
RMSE,m’ha’ 3013 2614 1295  29.73
RMSE, % 3363 6286 8395  20.28
BIAS, m’ha’ 082  -072 -082  -0.71

RMSE, _,,,»mha’ 3078 3818  20.31 -
RMSE, .+ % 3023 4305 6174 -
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decreased considerably due to the greater mean volume. It must be taken into account that
the results in Table 4 are presented at the plot level. At the stand level the accuracy would
be considerably better.

It was also investigated how well the main tree species is preserved in the estimates.
The number of pine plots was slightly overestimated whereas the numbers of spruce and
deciduous plots were slightly underestimated. The overall classification accuracy of the
main tree species was 92.1% at plot level. The most frequent source of misclassification
was that spruce plots were classified as pines or vice versa.

5 DISCUSSION

A great deal of interest is currently being shown in remote sensing based forest inventories
in Finland. A particular driving force has been the possibility of reducing costs. Because
technological development has decreased the costs of ALS data considerably, ALS data
based inventory systems have emerged as a realistic alternative for operative forestry
purposes. The nearest neighbour method employed in this thesis turned out to be an
efficient and versatile approach to estimating total and species-specific forest attributes and
diameter distributions when using ALS data, aerial photographs and a set of fixed size
sample plots as data sources.

The aim of paper I was to test two approaches to predicting volume by tree species and
the total volume using ALS data and aerial photographs. The primary conclusion was that
the k-MSN method produced much more precise estimates of species-specific volumes than
any fuzzy classification method. It is obvious that the manner in which the FZ and LMM
methods were used here is not suitable for estimating species-specific volumes, as both
methods produced imprecise and highly biased estimates. ML was the best fuzzy
classification method studied, but it still produced biased and imprecise estimates compared
with the k-MSN method. Although there was still a great deal of imprecision in the k-MSN
estimates, one very good characteristic is that the species-specific estimates sum up to an
accurate total volume without any notable bias. The manual testing of different
combinations of explanatory variables was fairly time-consuming due to the large number
of candidate predictors and their transformations, and the outcome is still more or less
subjective. A heuristic variable selection algorithm was therefore was implemented in paper
1L

The results of paper II were rather encouraging, because the volume estimates were
approximately as accurate as in paper I but other species-specific and total attributes were
estimated, too. Stand level accuracies were also calculated in paper II, which enabled a
comparison with the current field inventory method. The stand level species-specific
accuracies were comparable with those achieved in a practical field inventory by
compartments (Haara & Korhonen 2004), while the total characteristics were estimated
much more accurately than with the current inventory system (Kangas et al. 2004). No
obvious bias was detected. One characteristic of the k-MSN modelling approach is that it is
of the multivariate type, i.e. a number of dependent variables are estimated simultaneously.
Therefore, when selecting parameters for the model based on the goodness of the result, a
weight must be given to each sub-component. An explicit weight vector was used here to
determine the importance of the dependent variables, and the aim in using a variable
selection algorithm was to minimize the weighted average of the RMSEs. This proved to be
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a reasonable principle for selecting predictor variables into the k-MSN model, although
certainly the algorithm itself could be enhanced. The method used in paper II is
straightforward, practical and easy to apply. All the stand characteristics are estimated
simultaneously and the dependent variables can be altered as needed. The logical integrity
of the results is guaranteed because total characteristics are produced by summing the
species-specific estimates.

Diameter distributions by tree species are compulsory in Finland. Therefore the ability
of the nearest neighbour method used in this thesis to predict diameter distributions was
investigated in paper III. Basically all test criteria indicated that the diameter distribution
based on nearest neighbour imputed trees outperforms the theoretical Weibull distribution.
Especially the log- and pulpwood volumes were estimated more accurately when using the
k-MSN distribution and the same tendency was apparent in the error index, too. Volume
estimates were somewhat more accurate using the k-MSN distribution; this is obvious since
the k-MSN distribution volumes consist of exactly the same trees that sum up to the
volumes of k-MSN estimates. The same applies to other predicted variables too, and
therefore calibration estimation, for example, is never needed. The k-MSN distribution is
strictly speaking just a set of trees which are ordered by diameter, i.e. a tree list. Each
predicted tree has those attributes which are available in the modelling trees. Here the
attributes were species, dbh and height; therefore, within trees of the same diameter, tree
height varies and the H-D curve is redundant. Generally speaking, if they have been
measured, it makes sense to utilize tree diameters rather than a theoretical distribution.
However, it must be kept in mind that in the nearest neighbour imputation it is always
essential to have reference data that is comprehensive enough. When tree species is
considered as well, the required number of sample plots increases substantially because
field data must be representative in terms of both size and species compositions.

Certain issues are inherent to the method examined in paper IV. First of all, unrectified
aerial photographs with known internal and external orientation are used instead of
orthorectified images. The aim of using unrectified images with known orientation is the
rigorous linkage of ALS points and aerial photographs. Although there are some restrictions
also in this approach when linking ALS points to aerial images, this is a more accurate
method for combining spectral characteristics of aerial images and ALS data than the use of
orthorectified images. Another peculiar characteristic of the method in paper IV is the
avoidance of radiometric correction of aerial photographs. The estimation procedure itself
has two separate stages. First, spectral characteristics of aerial photographs are attached to
laser points and the points are classified by tree species. At the second stage the proportions
of ALS points by tree species and ALS height and density metrics are used to estimate
forest characteristics by the k-MSN method. The major difference between the previous
studies (I-1II) and this one is that here the proportions of ALS points by tree species are
used as independent variables, whereas earlier textural and spectral features of aerial
photographs were used directly as independent variables in the k-MSN modelling. The
accuracies achieved in paper IV are not directly comparable to the previous studies because
the test areas and remote sensing material used are different. However, when looking at the
species-specific accuracies and measured versus predicted figures it is obvious that the
method presented in paper IV works rather well. Although here only plot volumes were
considered, the method itself is easily expandable to predict other stand attributes and to
generate diameter distributions, as presented earlier.

The essential difference of spectral images and ALS data lies in the type of response.
Spectral images depict the intensity of the electromagnetic radiation in the selected
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wavelength areas, whereas ALS measures physical dimensions. It is obvious that the latter
has a considerably better relation to most forest attributes of interest. ALS based inventory
techniques can in a sense be compared with 3D photogrammetric inventory techniques
which aim at the extraction of physical dimensions. The difference is that ALS produces
physical dimensions directly while photogrammetric techniques rely on some extraction
method. As extraction methods are always error prone, it is difficult to imagine an
application in which spectral images, such as aerial photographs, produce better
information on forest dimensions than ALS. The focus of the present thesis is in tree
species-specific estimation. In the beginning of this work it was assumed that ALS data
bring information about forest dimensions and that aerial photographs are useful in order to
discriminate between tree species. In retrospect this assumption proved to be reasonable.

An inventory system in which aerial photographs are not needed at all for estimating
tree species-specific attributes would be advantageous. Then certain difficulties entailed in
the computer-aided interpretation of aerial photographs could be avoided. From the
operational point of view, when also considering economical aspects, it is especially
difficult to utilize aerial images. Inventory areas are often scattered and aerial surveys must
be carried out separately in different areas for economical reasons and weather conditions.
As a consequence of this, images are taken under different lighting conditions, different
points in time, and even with different imaging instruments. It is very challenging to utilize
this kind of data due to difficulties originating from the need of radiometric comparability.
Experiments should therefore be carried out to see whether aerial photographs could
somehow be eliminated altogether. However, in the studies presented here the use of aerial
photographs improved the accuracy of the estimated species-specific attributes noticeably,
although this comparison is not directly presented in this thesis. Tree level forest
inventories based on ALS data may also be a realistic alternative in operational forestry in
the near future. Tree level inventories require denser ALS data than the method used here,
but technological development will mean that costs will decrease rapidly. There are,
however, only a very few reported studies in which entire individual tree based inventory
systems have been validated. An approach in which aerial photographs are not needed
would be interesting on the individual tree level too.

It is clear that field visits cannot be avoided in stand level forest inventories. First of all,
basic information about stands, such as fertility, soil type etc., must be determined in the
field; otherwise they can be inherited from the old stand register data — if approximately the
same stand delineation still exists. Another issue concerns management proposals. There
are basically two options: silvicultural treatments can be determined in the field, or the
forest management system can decide on them based on the current state of the forest
growing stock and the decision-maker’s preferences. Furthermore, the inventory approach
studied here is based on the concept of collecting new field data for each region where an
inventory is to be carried out. This has the advantage that modelling data is always
representative of local conditions and tree species. On the other hand, the inventory area
must be large enough for it to be worth collecting new sample plot material each time the
method is applied. Another reason for the use of local field data is that otherwise it is
difficult to use aerial photographs, because variables based on these are not directly
transferable from one dataset to another.

All the deciduous species were lumped together in the present calculations, as it was
known beforehand that they are virtually impossible to separate by remote sensing methods
under Finnish conditions, where the forests are dominated by coniferous species and the
vast majority of the deciduous trees are birches. In addition, single deciduous trees often
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occur below the dominant tree layer. The fact that it is very difficult to estimate the
characteristics of non-dominant tree layers using remote sensing techniques must be taken
into account when putting these accuracies into context. The absolute errors regarding
deciduous trees are nevertheless quite small because the numbers of deciduous trees in
Finnish forests are rather small. It must also be considered that the current field inventory
system produces approximately equally inaccurate estimates for deciduous trees as were
obtained here. An obvious advantage of a field-based inventory by compartments is that
deciduous tree species can be distinguished. The accuracy of the figures for deciduous tree
species other than birch is probably quite poor in the current field inventory system,
however, as the minority tree species are grouped together with some other species if their
stand level basal area is less than 1m?/ha. Therefore other deciduous tree species are often
recorded as birches. It is doubtful whether it will ever be possible to develop a remote
sensing based forest inventory method that could discriminate between the different
deciduous tree species properly in Finnish conditions. Already the accurate estimation of
deciduous trees as species group is a difficult task.

The inventory method studied here is well-suited for wall-to-wall mapping of forest
resources. Wall-to-wall coverage may be achieved either by using fixed size grid cells or
variable size segments. In the case of segments a crown height model interpolated from the
ALS data is a natural choice to carry out the segmentation (see e.g. van Aardt et al. 2006).
Grid cells or segments provide a good basis for spatial forest planning in which treatment
units are generated without predefined stand boundaries (Heinonen 2007). It must be kept
in mind, however, that the accuracy of the estimated forest attributes depends on the
inventory unit: at cell or segment level the accuracy is always worse than at stand level. So
far research on ALS based forest inventories has focused on young, middle-aged and
mature forests. However, in practice it is oversimplified to restrict the inventory to only
some predefined set of more or less mature stands — how can one be sure beforehand that it
is a mature stand? An unavoidable circumstance in wall-to-wall mapping is that there are
patches within stands that belong to other development classes. Stands are delineated from
the silvicultural point of view; there is some predefined minimum size of a stand, the shape
is restricted, and in practice stand borders generalize natural boundaries. For instance, when
applying the inventory there may be some cells or segments within a mature stand that
actually belong to sapling stands. On these occasions it must be decided whether sapling
stand patches are inventoried along with more mature patches or should they be treated
somehow separately. This issue should be considered and studied carefully and more
research should be carried out on young sapling stands.

The commonly used measure of accuracy in forest inventory is the relative RMSE. This
does not reflect the accuracy properly on such occasions where many near to zero or
absolute zero observations occur. This is a typical situation when looking at species-
specific estimates and their accuracies obtained in this thesis. The mean volume of
deciduous trees, for instance, is low because quite often there are only some deciduous trees
in a stand, or deciduous trees are even completely non-existent, i.e. deciduous trees often
represent minor tree species. Because of low mean volume the relative accuracy of the
volume of deciduous trees is quite poor although in absolute terms the accuracy may be
even comparable to pine estimates. This phenomenon is especially apparent when looking
at Figure 2 in paper IV. The same tendency applies to spruce as well. On the other hand, in
Finnish forest management the main tree species is favoured. This has the consequence that
in Finland in managed forests one tree species often dominates and others are in the
minority. This again leads to the conclusion that tree species other than the main one which
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occur in a stand may be considered less important, and that the current way to assess the
accuracy does not take this into account. An alternative measure of accuracy was
introduced in paper IV. It can be used as an additional measure of accuracy of species-
specific estimates if it holds true that the minority tree species are less important than the
main tree species. This measure is identical to RMSE but only those observations where the
tree species in question represents more than 10% of the total volume are taken into
account. The 10% was selected to be a threshold here but naturally it may be justified to
adapt it to reflect better particular requirements. One alternative that also addresses the
specific nature of species-specific accuracy is to calculate RMSE separately for the main
tree species and for the minor tree species. One should bear in mind why forest inventories
are performed and that further applications of the information obtained set certain
requirements for its quality. It is exceedingly important to use valid metrics.
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