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ABSTRACT

The airborne laser scanning technology (also known as Light Detection and Ranging-

LiDAR) in Finland has been proved to be the efficient remote sensing technique used

for forest data collection. The data obtained from this technology is used for pre­

diction of forest, stand characteristics for different forest inventories. Using airborne

Laser scanning for the new inventory is very expensive. However as different forests

have been laser scanned there is a need of utilizing such previous databases in new in­

ventory areas. Since the new site and the database sites have been laser scanned with

different scanning instruments with different flying altitudes, there is a need of cali­

brating the databases to match with the new site LiDAR histograms. Therefore, the

aim of this study is to the calibrate the LiDAR histogram databases by a non-linear

mathematical model using the mean values of the LiDAR histograms. The accuracy

of the calibrated LiDAR data is verified by predicting the forest stand characteristics

using sparse Bayesian regression. The results obtained show that it is possible to

calibrated histogram databases and the calibrated LiDAR histograms can be used

in new inventory areas for the forest stand parameters estimation. It is observed

that when the small number of calibration set from the new area (approximately

50 plots) is combined with the calibrated plots from the database, the estimation

accuracy is almost equal to that when using the whole new area plots. This process

is cost effective since instead of scanning the whole new inventory area, only ran-

forests the geographical location does not support the aeroplanes to scan the forests,

hence using calibrated databases can help to predict the forest characteristics of such

areas.

domly selected plots (approximately 50) can be scanned and be complemented with 

calibrated database plots for prediction of the forest stand characteristics. In some
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CHAPTER ONE

INTRODUCTION

General Introduction1.1

DAR is based on a set of laser pulses transmitted from aeroplane flying above the

target area. The technology returns a three dimensional cloud of pulses reflected back

from reflective objects beneath the flight path. The information is recorded and pre-

processed with respect to the measurement conditions, and produce geographical

coordinates and the height of the hitting point augmented with the intensity of the

returning pulse echo. The percentage of the measurements recorded are affected by

not only the flight altitude, but also the scanning instrument.

Forest inventory in Finland has traditionally relied on the partially visual assessment

of the principal operational methods used to collect information on forest structure

and resources.

of species-specific stand characteristics by compartments in the field (Kangas et al., 

2004), however many alternative remote sensing techniques have been suggested, the

Airborne laser scanning (ALS) also known as Light Detection and Ranging (LiDAR) 

has become the most accurate remote sensing technology for forest inventories. Li-

Mathematical models are needed to estimate forest characteristics (forest stand pa­

rameters) from the LiDAR data. Different kinds of regression models like Ordi-

most promising one is the LiDAR - based forest inventory method (Holmgren, 2004; 

Mai tamo et al., 20006). The area-based method has been the main approach to using 

ALS for large forest inventories because of its cost efficiency and the accuracy of the 

forest data obtained (Suvanto, A. and Maltamo, M. 2010). This has made it one
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nary Least Squares (OLS), seemingly Unrelated (SUR), k-Most Similar Neighbours

k — MSN and sparse Bayesian regression have been used to predict forest stand char­

acteristics. Several studies have indicated that essential forest characteristics such

as mean height, basal area, mean diameter, number of stems and stand volume can

be accurately predicted using LiDAR data. Currently, new decision support systems

tion about the state and dynamics of forests to assist decision making for strategic

and management planning like accurate allocation and harvesting and thinning op­

erations, and to optimize among a wide range of silvicultural treatments. LiDAR

based inventories in operational projects have been carried out in Norway, Sweden

and Finland (Naesset 2007, Maltamo et al., 2007).

LiDAR histograms consists of data containing discrete returns of first and last pulse

heights and intensities. The technology usually returns a three-dimensional cloud of

point measurements from reflective objects scanned by the laser beneath the flight

path. The percentage of the the pulses recorded as reflected at a particular point

varies according to a number of factors including the physical weather, scanning

parameters, flying altitude, footprint size, ground and forest characteristics. The

LiDAR histogram distribution is affected by the quality of the LiDAR data obtained,

therefore different sites may have different data qualities. Also different forests have

different characteristics like tree species composition, development classes and annual

heat sum variation. The variation of these characteristics in one site plot information

requires coincidence of forest characteristics between the new site characteristics and

the database plots, hence calibration involves database forests which have similar

the database histograms. In this study, a non linear mathematical model is used to

characteristics to the new site. The size of the first and last pulse columns may vary 

from one plot to another. In order to get a clear representativeness of these variables, 

this variation is controlled by taking the mean values of the LiDAR histograms, hence 

during calibrating, the mean values of the LiDAR histograms are used to calibrate

are being developed, data collected from LiDAR provides comprehensive informa-
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calibrate the LiDAR histogram databases in which the variables derived from the

LiDAR measurements for each sample plot are the mean values of the first pulse

intensity and height and the last pulse height and intensity, i.e., v = {Hf, Hi, If, Ii}.

These variables are the non-ground hits of height above 2m from the ground. Here

H refers to the height of the hit, and I to the intensity of the hit,and f to the first

pulse and I to the last pulse .

Statement of the problem1.2

Airborne laser scanning technology is currently the most efficient method of data

collection used in different forest inventories. In order to improve the estimation of

the LiDAR-based stand variable, regression methods have been employed, in which

sparse Bayesian regression method was found to be better than other traditional

methods. However using LiDAR data and sparse Bayesian methods need a large

collection of sample plots (usually hundreds). Scanning such sample plots is very

expensive. In order to reduce the operational costs there is a need of using few

representative sample plots from the new area (calibration plots) and other plots

from the databases that have been used in earlier missions. Since the new site plots

and the databases are different and they have been collected in different conditions

with different scanning instruments, they can lead to unrepresentative results. Hence

the databases need to be calibrated to match with the new site characteristics be­

fore using them together for estimation of forest stand parameters. Therefore, the

aim of this study is to calibrate the LiDAR histogram databases using a non-linear

mathematical model.
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Objectives of the study1.3

General objective of the study1.3.1

The general objective of this study is to calibrate LiDAR histogram databases for

estimation of forest stand parameters.

Specific objectives1.3.2

The specific objective include:

Developing a non-linear mathematical model for calibration of the LiDAR his­

tograms of the four databases.

To verify the results obtained by using Sparse Bayesian Regression method.o

Significance of the study1.4

This study is very useful, because information on the forest statistics and other

information produced are widely used to advise the ministry of natural resources

about the usefulness of the technology and hence contribute to

• Forest policy making at both national and international levels

• Regional and national forest management planning

• Planning of forest industry investments

• Assessing sustainability of forestry and in forest certification

searchers for further research purposes, this is because the technology is currently

Studying this problem will develop expertise and contribute significantly to re-
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(e.g. Kyoto protocol) require information about development of forest resources.

This study can provide useful information to serve the purpose.

one of the most applicable remote sensing techniques for forestry inventory.

Now days many international statistics (e.g. FAO and Eurostat), processes (e.g. Min­

isterial Conference on the Protection of Forests in Europe, MCPFE) and agreements



CHAPTER TWO

LITERATURE REVIEW

Different st udies have been released concerning the accuracy of the forest data pro-

for modeling forest stand characteristics from Airborne Laser Scanning. The results

have indicated that the area-based method could produce at least as accurate results

as traditional field measurements.

Maltamo et al., (2009) studied on Predicting tree attributes and quality character­

istics of Scots pine using airborne laser scanning data. In their study two modeling

methods non-parametric k — MSN and SUR were compared and the variables were

estimated simultaneously. The results indicated that the k — MSN method can pro­

vide more accurate tree-level estimates than SUR models. The k — MSN estimates

the case of tree volume and height of the lowest dead branch.

ables. Only small divergences were observed between these estimation techniques.

Different modeling techniques have been employed to improve the LiDAR data based

from LiDAR data. The accuracy of the method was found to be as good as or

even slightly better than that of conventional regression model based methods. Mal­

tamo et al., (2006a) and Packerlen and Maltamo (2006b) applied non-parametric 

fc-most similar neighbor (MSN) estimation to predict stand characteristics. The

stand variable estimation. Junttila, et al., (2009) employed sparse Bayesian regres­

sion (as introduced by Tipping 2001) approach to predict the stand characteristics

duccd by this technology, and different kinds of regression models like Ordinary 

Least Squares(OLS), seemingly Unrelated(Si!7R), k — MSN etc have been applied

were in fact highly accurate in general, the RMSE being less than 10% except in

Naesset et. al., (2005) compared the ordinary least squares(C>Z/S), seemingly unre­

lated (SUR), and the partial least-squares methods in the modeling of stand vari-
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accuracy was found better than that of the corresponding OLS models, and it was

observed that it is possible to estimate several stand variables simultaneously. Also,

species specific variables were compatible with total stand characteristics. Sulvanto

Using mixed estimation for combining airborne

laser scanning data in two different forest areas in which mixed estimation and OLS

were compared in predicting six forest stand parameters in the new area. These

parameters include basal area median tree diameter and height, mean tree height,

stem number, basal area and volume. The LiDAR height histograms and number

of chosen sample plots from the new area (10-212 plots) were combined with the

472 database plots. The results of the study indicated that in LiDAR- based for­

est inventory, mixed estimation with a combination of datasets from the existing

database and the new area improved the accuracy of derived plot-level characteris­

tics compared with OLS-based regression models. The study had neither calibration

of LiDAR histograms nor plots selection based on the new site forest stand parameter

distribution.

Junttila, et al., (2010) studied on estimation of forest stand parameters from airborne

laser scanning using calibrated plot databases. In their study three databases from

different sites were calibrated and combined with the new site information to form a

teaching set for estimating five forest stand parameters, these were mean height, basal

area, mean diameter, number of stems and stand volume. This methodology reduced

from the three databases. The LiDAR histograms of each site was calibrated using a

linear mathematical model and sparse Bayesian regression model was used to predict

the stand parameters and they observed that it is possible to effectively use the

sample plots from earlier studies plot databases to predict forest stand characteristics

in the new area. This method was found to correct the errors due to the use of

different scanner, scanning parameters and scanning conditions, furthermore, the

the number of sample plots (calibration set) needed from the new site substantially 

(between 3 and 9 stands including 20 to 70 plots) which were supported by the plots

and Maltamo (2010), studied on
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bias clue to the use of alien plots was significantly reduced. This method was found to

save the plots collection costs, when airborne laser scanning and Bayesian regression

are used to estimate the total forest stand parameters. The calibration of the LiDAR

histograms performed was based on the percentile points.

The aim of this study is to calibrate the databases of the LiDAR histograms using a

non-linear mathematical model based on the mean values of the LiDAR histograms.

The assumption is that the mean values of the LiDAR histograms represent the

salient features of the forest better than the percentiles, hence we expect that using

mean values will give better calibration results than using the percentiles.



CHAPTER THREE

Model Development

The study area and the field data3.1

The airborne laser scanning data source in this study come from Arbonaut Company

in Finland which five different sites Matalansalo, Juuka, Loppi, Pello and karttula

sampling strategies, some sites were equipped with a regular sample plot grid, some

others were equipped with regular sample plot clusters while others were randomly

selected. These differences were ignored in the estimation process as they are likely

to vary in operational use as well. The sample plots were circular with a radius of

9m. The centre of each plot was determined by the hand-held GPS, and the exact

position of the plot centre was later calculated during measurement and differentially

corrected off-line. This method generally ensured a positioning accuracy of less than

clipped to plot extent before extracting LiDAR parameters from it.

In this study there were 20 forest stand parameters, based on field measurements.

The forest stand parameters consist of the total parameters median tree diameter 

(Dgm), median tree height (Hgm), stem number(N), basal area(G) and volume(V)

so that their areas overlap to a degree exceeding ninety percent. LiDAR data was

one meter, which has been deemed adequate to align LiDAR data and field plots

were measured. The sample plots from these areas were measured with different

supplemented with corresponding species-specific parameters:

Dgml, Dgm2, Dgm3, Hgml, Hgm2, Hgm3, Nl, N2, N3, Gl, G2, G3, and VI, V2, 

V3. Here the indices 1-3 refer to the species :1 for scots pine (pinus silvestris), 

2 for Norway spruce (Picea Abies) and 3 for hardwoods treated as a group, but 

mostly comprising birch (betula pendula or Betula pubescent). The LiDAR scanning 

of the different areas was conducted from 2004 to 2008. Three different types of
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scanners were used, they include the Optech ALTM 3600, the Leica ALS-50, and the

Leica ALS-60. Flying height varied between 700m and 2000m and the scanner pulse

frequency varied between 58900Hz and 125100Hz. The characteristics of different

sites are shown in the table 3.1.

Matalansalo Juuka Loppi Pello karttula

Annual heat sum (degree days) 1250 850 110010001150

Mean volume mP/ha 203.2 102.8 205.9203.4 145.5

mean timber height m 19.717.0 14.7 17.4 11.7

Mean basal area (?n2//ia) 20.3 22.9 17.8 24.024.7

Mean number of stems 1325.2 1150.71506.9 1284.6 1109.0

Max.timber height m 20.9 35.530.6 25.2 33.7

Scots pine vol- % 67.2 38.653.2 45.3 29.1

Norway spruce vol-% 34.5 21.7 34.1 45.041.5

Hardwoods vol-% 12.3 11.0 13.2 27.3 25.9

No of measured plots 472 441 553 538511

Table 3.1: Mean characteristics of the test sites

LiDAR histogram3.1.1

point measurements from reflective objects scanned by the laser beneath the flight 

path. The percentage of the the pulses recorded as reflected at a particular point 

vary according to a number of factors including the physical weather, scanning pa­

rameters, flying altitude, footprint size, ground and forest characteristics. The Li-

LiDAR histograms consist of data containing discrete returns of first and last pulse 

heights and intensities. The technology usually returns a three-dimensional cloud of
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DAR histogram distribution is affected by the quality of the LiDAR data obtained,

therefore different sites may have different data qualities. Also different forests have

nual heat sum variation. The size of the first and last pulse columns may vary from

one plot to another. In order to get a clear representativeness of these variables, this

variation is controlled by taking the mean values of the LiDAR histograms, hence

during calibrating, the mean values of the LiDAR histograms are used to calibrate

the database histograms. In this study a non-linear mathematical model is used to

calibrate the LiDAR histograms of the variables in which the variables derived from

the LiDAR measurements for each sample plot are the mean values of the first pulse

first pulse and I to the last pulse. These variables are the non-ground hits of height

above 2m from the ground.

Selection of calibration set from the new area3.1.2

Before calibration of the LiDAR histograms, a new area N is laser scanned and the

as

(3-1)D,

Then a calibration set from the

represent the variability of the stand parameters in the whole new area. The aim is

to find a representative set of stands (plots) from the new area by random selection

intensity and height and the last pulse height and intensity, i.e., v = {Hf, Hi, If, Ii}. 

Here H refers to the height of the hit, and I to the intensity of the hit, and f to the

*ni — {Hjini, Hlt,,i, Iftnit Il,ni}‘

new site is selected. The fieldwork is performed 

in the new site at a selected set of stands. The set must contain plots that well

that has sufficient properties to justify the new area characteristics, this helps us 

to gain information about the LiDAR measurement properties and the forest stand

different, characteristics like tree species composition, development classes and an-

parameters distributions of the whole new site. The calibration set histograms DCii

histograms Dtlil of the LiDAR data measurements of its plots i = 1, ,.,n are served
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of each plot i in the new area LiDAR information is defined as

(3-2)Vc e n.

The considered LiDAR measurements arc first and last pulse height and intensities

and let the new site be Loppi. Assume only one LiDAR measurement, first pulse

height Hf. The figure (3.1) shows the distribution of the mean values of the first

pulse height Hf from the new site.

6

5 ■

4

Figure 3.1: The new site first pulse height LiDAR Variable (Loppi)

The databases3.1.3

The database consists of the LiDAR histograms used in old sites in earlier missions

These forests are assumed to have similar characteristics with the new site. The

Figure (3.1) shows the first pulse height Hf histograms in the new site, this infor­

mation provides the calibration criteria for the database first pulse height.

10

9
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5* c 
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Mean values of the new site LiDAR variable (Hf,n)
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(3-3)Dt

for each measurement variable. The figure (3.2) shows the distribution of the the

25

20

Figure 3.2: The Database LiDAR Variables

Therefore, figure (3.2) represents database histograms of one database site, the first

pulse height

3.2 Selection of plot pairs

Introduction3.2.1

databases are found. The plot pairs will be used for the calibration of the LiDAR

5

mean values of one database site, the first pulse height Hii^d;

mean values of the database histograms Djjti for each plot i is given as

'd>,i = h,dji}

0 0 4 8 12 16 20 24
The uncaliabrted database LiDAR variable (Hf.dj)

After getting the calibration set from the new site where the forest stand parameters 

are known, plot pairs for which the LiDAR histograms of the new site and the

>S 1C 
o 15 
c 
<D 
ZJ CT 
GJ 
it 10
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histogram databases. Calibration of the LiDAR histogram is based on the most

similar pairs for which the LiDAR histograms of the new site and database are

assumed to be equivalent. The aim is, having a calibration set from the new area

where the forest stand parameters are known, this set will be used to form the plot

pair with the database. The plot pair will be used for the calibration of the LiDAR

histogram of database. Therefore, once the forest stand parameters are known from

the calibration set of the new area, Yc they are combined with those from the database

estimation.

The process of selection of most similar pairs of each calibration plot is done using

information on forest stand parameter values and accuracy of LiDAR histogram

based on sparse Bayesian Regression models.

pairs selection3.2.2

The process of pairs selection used in this study is based on the model developed

by Junttila, et al., 2010 who used the linear mathematical model to calibrate the

LiDAR histogram databases. The calibration pairs are selected from each database,

regression estimates of each database is defined as

(3.4)

j for each plot in the calibration plots, where a most similar neighbour plot dje € dj 

in terms of measured forest stand parameter values is chosen. When estimations

sets Yd}. A set of forest stand parameter pair is found from each database. If for some 

calibration plots no similar pair is found, that plot is not used for stand parameter

with LiDAR data are evaluated, forest stand parameter that are well estimated 

with LiDAR should be equal between pairs. For each forest stand parameter fc, the

where is a full normalized database LiDAR variable, the linear weight vector 

Wdj,k, and the noise term Edj,k which is assumed to be normal Ar(0,<r£dj). The
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(3-5)

r(/<)U* ~ P-y,i)T^yl(XdjC,i P’Vs) (3-6)

whose range probability is within 10% from each other, that is

(3-7)

and otherwise discarded. In this case Xo.i(^) >s the point where the cumulative 

distribution of X2(7Q has the value 0.1. The pairs fulfilling this condition are labeled 

as dj and djC and the number of these pairs is NCj- We need at least 10 pairs with 

the smallest possible distances that are chosen into the measurement calibration

djc,i = argmin^-^-

for each plot i in the calibration set. Here Ycik is the forest stand parameter k in 

plot i in the calibration set, argmin is the argument of the minimum for which the 

value djCyi attains its minimum value. This means that for the LiDAR variables to 

correlate well with the the stand parameter k (ak small) the selection of the pairs 

is done in such a way that the stand parameter k is almost equal in both members 

of the pair. Contrary to this notion, if the estimation is not expected to correlate 

well with the stand parameter k (ct^ large), the effect of the stand parameter k is 

not large.

(Yd„k - Ycik)2

The set of the five stand parameters considered in this study of each calibration 

plot, are treated as vector of the multinormal distribution, with expected vari­

ance matrix given in the LiDAR estimate of the database,

= diag{{a\d., ...,o’^eZ.)T), where diag represents the diagonal elements. The cho­

sen database forest stand parameter values of each pair, Yd need to be close to the 

values of the of the calibration plot which is the center of the distribution. According 

to Mardia et al., (1980) the pair distance from the center is x2 distributed with K 

degrees of freedom

weight of the stand parameter k in pair selection is the inverse of the regression 

estimate error variance, ak, and most similar neighbor is defined by minimizing
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should re consider whether the intended database is suitable for use in the current

case for the new area.

Database LiDAR histogram calibration3.3

Introduction3.3.1

During histogram calibration only the ground points, i.e., height below 2m were

neglected. These ground hits were assumed to have no direct correlation with tree

qualities as well as quantities because histogram calibration requires pairs selection

by tree characteristics.

The challenge encountered during selection of calibration plots from the new area

is about handling variables drawn from the last pulse LiDAR measurements. Some

plots may have either only a few or no measurements with last pulse heights above

2m. In such cases, there are no enough non-ground data for height and intensity

variables. These plots cannot be used for LiDAR calibration, since there are no pairs

for last pulse height and intensity in calibration procedures.

Calibration process3.3.2

Hf. To get information on the correlation between the LiDAR variable X and forest

stand parameter Y of the new site, a multidimensional regression estimate is carried

out for the selected plots Cj in the calibration set which can be defined by normal

procedure to get enough amount of data for calibration. If no sufficient pairs we

The calibration process is based on the linear equation Xh^c, — ^nf,djXH{ ^^ devel­

oped by Juntilla, et al., 2010. Consider one LiDAR measurement first pulse height
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likelihood hence

(3-8)cj

and the model covariance

= diag (3-9)

other. The model covariance defines the weight of different forest stand parameters

in histogram calibration, corresponding to LiDAR variable ability to explain the

parameter, and the weight is given by

(3.10)

The statistical variables of the database arc corrected by the calibration coefficient

identical distributions, i.e., the calibrated database variables and LiDAR histogram

measurements are assumed to be linearly correlated with the calibration coefficient

(3.U)

Taking the assumption that this identity is true, the forest stand parameter estimates

y&j = XHj^WHhij equal to

(3.12)

(3.13)

hnhdj such that the LiDAR variables of selected plots of the calibration set and 

their calibrated neighbours from the database are assumed to be sampled from

/
TI Af ( Y^i — YjpKXfl^i —
i=1 '

/VCJ

is a diagonal matrix,i.e., the forest stand parameter models are independent of each

= (X^,£jXH/,ej)-1

Yfj =

j , then

e ~ 
i=l

XHhd}c'=

Ya =h dJC

XHf.c}

Wu ■

H/.djXHj.dCj

The errors between the forest stand parameters of pairs e£ = Y^i — G c 

are assumed to be multinormally distributed with mean e, = ^ — Yj , that is 

e ~ Iliii Ar(e,|e£, SH/,cj) hence,

Xhs^

hHhdjX
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where the mean of the distribution depends on the difference of the forest stand

parameter estimates of plots, and the covariance is the diagonal matrix of the error

variances of the estimates. Thus different forest stand parameters in each plot were

weighted with a higher weight given to forest stand parameters that are well esti­

mated with the LiDAR variables at hand and a lower weight to stand parameters

that cannot be estimated well.

be included in the model by variable transformations:

(3-14)

(3.15)

(3.16)

(3-17)

(3.18)

solving the multinonnally distributed model (3.13) we get an estimate for the cali­

bration coefficient

hHj.d, = trace(Y^d.Ys<dj>) Hrace^Y^dY^^) (3.19)

that of the LiDAR measurement of the new site. The calibrated database is defined

as

(3.20)

Yz,dj - ^Hj,djc

In order to get the calibration coefficient hnf,d} the equation of the likelihood (3.13) 

is minimized subject to the condition that hHf,dj > 0. The procedure is done for 

each LiDAR measurement variable v = .

The weight due to different error variances on different forest stand parameters can

Ddj.i

Y~.dj

'z,Cj = ^Hj.c^z

_  y y-1/2

where dYHf^jr — YS<C) YZiCj + Yz<dj

The calibrated database LiDAR histograms distribution is assumed to be equal to

— Y- yr1/2
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Database Plot selection3.4

The challenge in plot pair selection between the new site and the databases is that

the distribution of the forest stand parameters in the new site is not always equal to

the databases. Hence Error and bias are likely to occur when using the database plots

to estimation the new site characteristics. We need to select only the plots which are

expected to represent new site characteristics. Data from each site is independent

plots that are taken into the model must fit the characteristics of the new site. If this

data fit the distribution of the new site characteristics perfectly, estimation results

site calibration set forest stand parameter distribution is known, the database plots

site, and thus can lead to unrepresentative result to the new site. Considering the five

data of the new site target plots to define the acceptability of the database plots 

in the model. Nevertheless there is no prior knowledge of the correlation between

from the other site. The data from the new site is selected according to the available 

information from the new site (which is the new site LiDAR histograms). Database

the auxiliary variables and different forest stand parameters of the new site, i.e., 

whether the given variable is needed in the given estimation model at all, and the 

distributions of different auxiliary variables may be very complicated. Hence the

fitting in the distribution may be taken as replicas of the new site plots. Such an 

approach, does however miss the auxiliary information of the target plots of the new

would approach to those achieved using a dense set of field sample plots from the 

new site. The best way in database plot selection would be to use the auxiliary

use of auxiliary target plot variables as selection criteria, i.e., in verification of new 

site qualities versus database qualities, is very complicated. However, since the 

database measurements are independent of the new site measurements, and the new

forest stand parameters Dgm, Hgm, N, G, and V, the probability of the distribution 

of the new site can be established using the calibration plot. If the calibration set 

is not representing the new site, it is likely that the probability distribution will 

also be unrepresentative, thus the error in calibration sample plot selection strategy
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contain only alien plots, one should never rely more on them than the calibration

set.

Having known the distribution of the forest stand parameters of the calibration plots

to the model if

exp{-trace{(Ydjl - Yc)Y,yl(Yd]t - Yc)T/2/K]} > n (3-21)

12

10

6

2

0

Figure 3.3: The calibrated Database LiDAR Variable

In this case, Yc is the mean and = cov(Yc) is the covariance of the measured 

forest stand parameters of the calibration set from the new area. The plots accepted 

from the calibrated database are d,.

of the new site and transforming each of them to normal or close to normal. The 

distribution (y/Dgm, Hgm, \/N,G, W), one may heuristically calculate an estima­

tion whether a given plot i in each database belongs to the same distribution using 

uniformly distributed random variables r, E [0,1] : The database plot dji is accepted

accumulates to plot selection of the databases. The calibration set size Nc may be 

smaller than the selected plots from each database dj, and when using all the j 

new databases available, its relative size becomes even smaller. Since the databases

0 2 4 6 a 10 12 14 16 10 20
The calibrated database LiDAR variable

8
o c 
0)
O' 
0)

4



22

histograms.

Figure (3.3) shows the LiDAR histograms of the calibrated database. From this it is 

observed that the calibrated database histograms is similar to the new site LiDAR
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The calibration equation3.5

Two non-linear equations are considered here and from which only one equation will

be taken as the calibration equation. The calibration is done by using the mean

values of the LiDAR histograms and the calibration equation is defined as follows:

The first non-linear calibration equation is given by

(3.22)

where m is a constant term, H is the mean value of the LiDAR histogram a, b € R

a, b > 0

and hj{/ttlj—[a 6] and the corresponding figure is figure 3.4

40

35

30

10 ■

5

0

Figure 3.4: The mean value of the LiDAR histogram using the first equation

Let dj be the databases information, the considered LiDAR measurements are first 

and last pulse height and intensities.

>.25 o c 
<D 
ZJ 20 
CT a> 
it 15

JJJ 
2 4 6 8 10 12 14 16 18 20

Mean values of database LiDAR variable (Hf.dj)
M 
8 10

are calibration coefficients, and q is the calibration power, 0.5 < q < 1.2,

Consider one database LiDAR measurement first pulse height Hnfidj. Let the cali­

bration coefficient be hnJ d. ■

= m + a* Hftdj 4- b * .

n__ n
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The second non-linear calibration equation is given by

(3.23)

where m is a constant term, H is the mean value of the LiDAR histogram, b G R

b > 0 is a calibration coefficient, and q is calibration power with 0.5 < q < 1.2. and

the calibrated mean values of the LiDAR histograms are given in the figure(3.5)

40

35

30

10 •

5 ■

□

Figure 3.5: The mean value of the LiDAR histogram using the second equation

The process of getting the calibration equation shows that the constant term seems

to haves no significant effect in the calibration equation. This is because it shifts

the position of mean values from one point to another, while the LiDAR variables

remain unaffected. Considering the calibration equations 1 and 2, the mean values

In the figure 3.4 , while the blue bar is the result of the constant term and the red 

bars are the result of the non linear term Hjdj, the green bars are a result of the 

linear termH

5*25
® -m => 20 ■
CT
£
U. 15 ■

= m + 6 * Hqfd.

In figure (3.5), the blue bars come from the constant term while the red bars come 

from the power term Hqd..

I llll.
0123458789 10 

Mean values of database LiDAR variable (Hf.dj)



25

of the first equation are better than that, of the second equation because range of

the mean values from the first equation is higher than the range of the mean values

(3-24)

where H is the mean value of the LiDAR histogram, a, b G R are calibration coef-

from the second equation (see table 4.1).

There fore the first equation is going to be used as the calibration equation where 

the constant term m will be neglected. The calibration equation is defined as follows;

ficients a, b > 0, and q is the suitable calibration power with 0.5 < q < 1.2, and

= [« 6]T-

XHhCj + b-.Hldi= a * Hj,dj
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values of Hf and Hqf using the

Figure 3.6: The mean value of the LiDAR histogram using the calibration equation

In figure (3.6), the blue bars represent the calibrated mean values as a result of the

Therefore, from the calibration process of section 3.3.2, the linear equation 3.11 is

replace by the non-linear equation

(3.25)

where h.

!

The figure (3.6) shows the distribution of the mean 

calibration equation.

linear term Hj,dj of the calibration equation while the red bars have been calibrated 

from the term Hqdj.
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Hf,dj = lO 6]T-

Note that Hf,d] is used when finding the mean values of the LiDAR histogram while 

Xw/d-. is used during database calibration

Hfdjc
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Non linear term
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Figure 3.7: The New site and the uncalibrated database

As the figure (3.7) shows, the distribution of the values along the blue line resulting 

from the linear term while the values below this line result from the

non-linear term Hj dj).

Therefore, using equation 3.24, we have the following old and new sites information 

as compared in the figure (3.7). This is before calibration.
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Figure 3.8: The new site and the calibrated database

Figure (3.8) provides the relationship between the new site and the calibrated database

first pulse height.
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CHAPTER FOUR

Data Analysis and Methodology

Testing the accuracy of the calibrated database4.1

by predicting forest stand parameters

A sparse Bayesian model for Regression4.1.1

Consider a linear approximation used to model the components of the target vector

(4-1)t = + €

is p(e|<72) = N(Q, cr2). For notational convenience, the index k is dropped.

Hence, in Bayesian regression, the likelihood of the complete data is given by the

To verify the accuracy of the calibrated database, a sparse liner regression method 

introduced by Tipping, i.e., Tipping’s Sparse Bayesian regression algorithm (Tipping 

2001, 2004) is used to estimate forest stand parameter. The results for the database 

estimates can be verified against optimal case for which a large number of field 

measurements from the new area are gathered.

with a linear function y = of independent measurements, where w = [wjt.i, ....Wfc,p] 

are the forest stand parameter specific weights of the model, and each forest parame­

ter tk,i on each plot i, i = 1,2...p in the teaching set, t = [ijt.i, ....t*.p] is the forest stand 

parameters which are independent of each other, the matrix $ = [<£i,..., <&v]T, is the 

P x M design matrix of dependent variables (LiDAR variables) with M columns, 

and P rows on each plot such that <>,TO = and the model error e =

which is assumed to be Gaussian distribution with mean zero and variance a2. That



30

product

(4-2)

p(tIW, CT2) = (27TCT2) P^2exp (4-3)

.2

(4.4)

(4-5)

p(w|i,0!,CT2) = (4-6)

(4-7)

(4-8)

and all the hyperparaineters are collected into the diagonal matrix A = diag(ai, ....aA/), 

hence

As a result of combining the a Gaussian prior and a liner model within a Gaussian 

likelihood, the posterior is also Gaussian: p(w|t,a, ct2) = N(p, S) with

Given the likelihood and the prior the posterior distribution over w via the Bayes’ 

rule is given by

here the term p(t|z,w, ct2) is written as p(t|w,CT2) since we never seek to model the 

input vector x, hence

In order to avoid over fitting and to control the model complexity, a penalty term is 

introduced

p 
p(t|x, W, CT2) = JJ N($iW, ct2) 

i=l

M 
p(w|o) = [J AT(O. a’1) 

m=l

likelihood x prior 
normalizing factor

p(t|w, CT2)p(w|a) 
p(t|a, ct2)

II*-Ml2
2ct2

S = (a-2cpT<b + A)-1

where the mean of the likelihood is the estimate and the variance is ct2.

p = CT’2E$Tt

M
p(w|a) = H(^-)1/2ezp{— 

x , Z7T 2m=l
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(4.9)

(4.10)

p(t|ct, ct2) = N(Q, a21 + *4>T) (4.U)

(4-12)

(4-13)

'll’

(4.14)

P^Jt.aAzp.CT^p) = N(y„a2), (4-15)

predicting new target values

The estimates of the target vector are computed with the expected value of the 

weights, i.e., using the posterior distribution over the weights. The posterior is 

conditioned on those values of &mp, a2[P which maximize the likelihood (4.11)

The distribution that predicts the target vector when the datum is given as the 

marginal likelihood

From (4.6)

p(t|a,CT2) = Jp(t|w, a2)p(w\a)dw

p(tt\t,aMp,a2MP) = y p(t.\w,a2)p{w\t,QMP,olfp)dw,

the solution of this equation is Gaussian distribution

Differentiating lnp(t|a, ct2), of equation (4.11) with respect to a and ct2, setting to 

zero and rearranging we get the re-estimated hyperparameter

= (2?r) p/2|ct2/ + 1<Pt| 1/2exp{—^tT(a214- <PA 1<I>T)-1t}

p(w|Lq,ct2) = (27r)-(P+1)/2|S|“1/2exp{^—

new _ j/i_

, 2> = II*-<M2

where7f G [0,1], /z, is the mean component of the posterior of Wi and 7, = 1 — a,-
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where y. = yT<f>, and a2 = a\lP +

Estimation of the forest Stand parameters:4.1.2

According to Tipping, in ordinary regression estimates, the estimates for each forest

stand parameter at hand are based on the linear equation

(4-16)y = Xw + e,

where y is the vector, i.e., the forest stand parameter, X is the matrix containing

candidate variables used in the estimation, w is the linear regression weight vector

w = (XTX)~lXTy (4.17)

In the Bayesian regression formulation, the likelihood of the data plot i is normally

distributed, then we have

(4-18)

and the total likelihood of the sample s consisting of the Nc samples from the calibra­

tion set c together with the collection of the Nd samples from the available databases

is

(4-19)

This shows that the predicted target vector value is based on the mean value of 

the weight, and the error bars of the prediction consist of two variance components; 

estimated noise on the data and variance due to uncertainty of prediction of the 

weights.

p(ys|w,<T2) = IjTVft/ilXiW.CT2) = N(y3\Xsw,a2IN) 
t€s

where Nc is the calibration set, N is the total likelihood of the sample.

which is assumed to be sparse, and e is the error vector with zero mean and variance 

a2. The ordinary regression estimate for the weight is

p(yi\w,a2) = N(yi\XiW,a2) = (27ra)1/2ezp( - - Xjw||21
2ct2
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4.1.3 Measuring error

(4.20)

(4-21)

(4.22)RM S Epiot —

x 100%RMSEpiot(%) = (4.23)

(4.24)BIASpiot —

x 100% (4.25)BIASpunW) =

where Ps is the set of plots in the verification set (stand). The stand level estimation 

of the target vector value is calculated as the mean of the estimated target vector 

values of the plots in the verification stand,

RMS Epiot 
tp

£P(tp-YP)
P

Ep(^-yp)2 
p

^p.Yp 
Ps

BIASpiot 
tp

when predicting forest stand parameters of the new site using calibrated databases 

error and bias are likely to occur. The objective is to achieve a smaller root mean 

square error, RMSE, in the new site verification set than when using only calibration 

set The predicted target vector values of verification plots are defined with model

the plot level error of the target vector values of the whole set of plots is expressed 

with the root mean square error (RMSE %) and bias (%)

Yp, = $p.Hs,
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The validation process4.2

the other test site. In this study there were 20 forest stand parameters based on field

measurements. The forest stand parameters consist of the total parameters median

the indices 1-3 refer to the species :1 for scots pine(pinus silvestris), 2 for Norway

The results are compared with the optimal, dense field measurements based on Leave-

For each site a repetition procedure of 50 iterations was performed with 50 calibration

of databases was tested. The error of each forest stand parameter estimate was

out-one (LOO) method where one plot of the total measured plots in the new area 

at a time is treated as verification set while the rest of the plots as the teaching set.

spruce(Picea Abies) and 3 for hardwoods treated as a group, but mostly comprising 

birch(betula pendula or Betula pubescent).

The procedure used to estimate the forest stand parameters was tested using the 

cross validation procedure using only the LiDAR variables. One site at a time was

used as the new site and the others were left as database set. The calibration plots 

are complemented with plots from each of the four database from other missions on

verified using the rest of the measured using the measured plots from the new site 

as verification plots. The procedure was repeated 50 times for each site to verify the 

robustness of results from the databases. The tables below show the median of the

tree diameter (Dgm), median tree height (Hgm), stem number(N), basal area(G) 

and volume(V) supplemented with corresponding species-specific parameters Dgml, 

Dgm2, Dgm3, Hgml, Hgin2, Hgm3, Nl, N2, N3, Gl, G2, G3, and VI, V2, V3. Here

plots that were randomly selected from the new site using given selection criteria. 

However the stability of the results was tested for 100 plots and the results were

recorded. Taking each test site as a new site at a time while others are treated 

as database sites. The optimal estimate for each of the verification set were the 

estimates derived using the leave-out-one procedure in the full set of plots in the 

new site, and these estimates were used as the benchmarks against which the use
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RMSE(%) of estimation results in 50 and 100 repeated calibration plot selections

using databases respectively.

50 plots 100 plots

RMSE (%) c-ball dbs optimal c+all dbs optimalc c

Dgm 16.3 15.0 14.0 14.9 14.6 14.0

Hgm 10.2 9.9 8.8 9.0 9.1 8.8

N 32.9 30.0 27.6 29.9 28.9 27.6

G 16.317.6 16.2 17.8 17.219.7

19.8 22.5 21.2 20.0V 24.7 21.5

Table 4.1: Median of RMSE (%) results in Matalansalo in 50 and 100 plots
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50 plots 100 plots

RMSE (%) c+all dbs optimal c+all dbs optimalc c

Dgm 21.5 19.7 18.6 19.9 19.6 18.5

Hgm 10.4 10.5 9.0 9.9 9.110.4

N 47.0 44.6 42.7 44.6 44.1 42.8

G 27.3 26.3 22.0 24.7 25.9 22.0

V 34.9 333.5 28.1 31.3 32.8 28.1

Table 4.2: Median of RMSE (%)of karrtula in 50 and 100 plots

50 plots 100 plots

RMSE (%) c+all dbs optimal c+all dbs optimalc c

Dgm 18.3 17.8 16.0 17.3 16.117.1

Hgm 12.2 12.4 10.4 11.2 12.0 10.4

N 58.1 56.7 54.9 56.6 56.2 54.7

G 28.8 27.9 26.1 27.3 27.1 26.0

V 30.4 28.9 27.1 28.4 28.3 27.0

Table 4.3: Median of RMSE (%) results in Pello in 50 and 100 plots
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50 plots 100 plots

RMSE (%) c+all dbs optimal c+all dbs optimalc c

Dgm 19.0 18.0 16.9 17.9 17.6 17.0

Hgm 11.0 10.6 9.7 10.2 10.3 9.7

N 33.4 33.0 30.7 32.0 32.0 30.7

G 19.9 19.1 18.417.1 18.5 17.1

V 22.8 21.3 18.7 20.9 20.3 18.6

Table 4.4: Median of RMSE (%) results in Juuka in 50 and 100 plots

50 plots 100 plots

RMSE (%) c+all dbs optimal c+all dbs optimalcc

16.0 14.9Dgm 16.9 16.1 14.9 15.4

12.1 12.0Hgm 13.0 12.8 11.5 11.5

39.8N 38.7 39.1 38.541.5 40.7

G 23.2 24.2 23.7 23.225.8 24.5

28.326.8 27.8 26.9V 29.130.3

Table 4.5: Median of RMSE (%) results in Loppi in 50 and 100 plots
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Results.4.3

50 plots Equation 1 Equation 2

RMSE (%) c+all dbs optimal c+all dbs optimalc c

Dgm 16.9 16.1 14.9 16.7 25.0 14.9

Hgin 13.0 12.8 11.5 13.0 22.6 11.5

N 38.7 41.841.5 40.7 42.6 38.6

G 23.225.8 24.5 25.1 28.7 23.1

V 29.1 26.8 29.9 41.830.3 26.8

Table 4.6: Comparing the RMSE % results for equations 1 and 2 using 50 plots

q = 0.7.

Since the first equation gives better calibration results than the second, it is used to

calibrate database LiDAR histogram.

site with calibration set only, calibration set together with the selected plots from 

all databases, and with the whole set of the measured plots in the new site. It is

The results for different test sites as new areas are given by tables (4.1) for mata- 

lansalo, table (4.2) for karttula, table (4.3) for pello, table (4.4) for Juuka, and table 

(4.5) for Loppi. The tables show the repetitions of the Median RMSE% of each test

From the table (4.6), the RMSE% for equations 1 and 2 show that equation 1 has 

smaller RMSE% compared to equation 2 except for species 3 whose RMSE% seems

to be higher in in equation 1 than 2. This behavior was tested for different values 

of q. i.e., 0.5 < q < 1.2 and the optimal results in both cases was obtained when

The two calibration equations are tested for accuracy to see which equation gives 

better calibration results. The following results were obtained
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observed that the median RMSE % for the calibration plots and all the databases is

close to the median RMSE % using a dense set of field sample plots from the new site

(optimal case). The RMSE % of the calibration set only decreases as the database

plots are added to it. However as the bias% is close to zero almost in all test sites

however, to some test sites the bias % slightly varies. This variation is due to the size

of the calibration sets. It is also observed that the accuracy of the results increases

increased from 50 plots to 100

plots. This means that 50 calibration plots from the new site are enough to justify

the new site stand characteristics hence be used for the calibration of the databases

for the estimation of the stand parameters

slightly as the number of the calibration plots are



CHAPTER FIVE

Conclusion and Recommendations

Conclusion5.1

The results from t he test sites show that it is possible to calibrate histogram databases,

and the calibrated LiDAR histograms can be used in new inventory areas for the

forest stand parameters estimation. This process is cost effective since instead of

scanning the whole new inventory area, only randomly selected set of plots (ap­

proximately 50) can be scanned, and the information can be complemented with

calibrated database plots for prediction of the forest stand characteristics. Also, the

airborne laser scanning due to geographical factors like mountainous areas. In such

area only field work can be performed to few heuristically selected set of plots, cali­

brated plots from databases can be added and hence used in prediction of the forest

stand parameters.

Recommendation5.2

The calibration methodology and estimation procedures used in this study are not the

be employed to test the robustness of the results obtained. The aim is to get the

best LiDAB histogram calibration method which gives higher accuracy in stand

parameters estimation and should be cost effective.

best way to get better results for operational purposes. Different LiDAR histogram 

database calibration methods as well as distributions used in plots selection should

use of calibrated databases can be a useful method in areas which do not support
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