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In order to reduce greenhouse emissions from forest degradation and deforestation the in-

ternational programme REDD (Reducing Emissions from Deforestation and forest Degra-

dation) was established in 2005 by the United Nations Framework Convention on Climate

Change (UNFCCC). This programme is aimed to financially reward to developing coun-

tries for any emissions reductions.

Under this programm the project of setting up the payment system in Nepal was estab-

lished. This project is aimed to engage local communities in forest monitoring.

The major oblective of this thesis is to compare and verify data obtained from different

sources – remotely sensed data, namely LiDAR and field sample measurements made by

two groups of researchers using two regression models – Sparse Bayesian Regression and

Bayesian Regression with Orthogonal Variables.
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Chapter 1

Introduction

The total of 4 billions hectares or approximately 31% of all Earth land area is covered

by forest [1]. According to FAO annual reports forest is annually decreasing. The total

forest coverage in the World presented in Table 1.1. As we can see between 1990 and

2000 the average net total loss was 8.3 million hectares per year. Afterwards in the period

from 2000 to 2010, the situation has improved and net total loss has been reduced to 5,2

million hectares per year on average.

Region
Total Forest Cover

1990 2000 2005 2010
Million Hectares

Africa 749 709 691 674
Asia 576 570 584 593
Europe 989 998 1,001 1,005
North and Central America 708 705 705 705
Oceania 199 198 198 191
South America 946 904 882 864

World 4,168 4,085 4,060 4,033

Table 1.1: Total forest cover

The World Resources Institute (WRI) in collaboration with the World Conservation

Monitoring Centre has undertaken extensive research and using the most modern tech-

niques revealed that over the past 8.000 years almost half of the forests that once existed
1



Introduction 2

were reduced under the fields, pastures, farms, settlements. Only 22% of the remaining

forests consists of natural ecosystems, and the rest have been changed by the onslaught of

man. Tropical forests in the equatorial zone are threatened. In the last century, they re-

mained in a virgin state, but from 1960 to 1990 a fifth part of the tropical forest cover was

destroyed [2]. The main causes of deforestation are a growing demand for land for crop

and pasture correspondingly with the increasing population in the world. Additionally,

wood is used worldwide in paper and wood industries, as a cheap fuel and construction

material.

Such destructive human intervention cannot remain without consequences for the en-

vironment of the planet. A major consequence of deforestation and forest degradation is

its contribution to climate change and global warming whilst it is often called one of the

prime causes of the enhanced greenhouse effect. One of the major greenhouse gases is

carbon dioxide CO2. It affects the heat exchange with the environment of the planet. As

a consequence of Industrial Revolution, the observed concentrations of atmospheric CO2

have steadily increased. The concentration of carbon dioxide increased from 280 parts

per million (ppm) in 1795 to 395.4 ppm in 2013. The main sources of carbon dioxide into

the atmosphere are: industrial production, transport exhaust fumes and burning of fossil

and non-fossil energy.

Biologically, trees and plants extract carbon from the atmosphere by the process of

photosynthesis. Deforestation leads to the fact that the number of trees which absorb

carbon dioxide is reducing and the total amount of CO2 in the atmosphere is increasing.

Degradation and deforestation of the world’s tropical forests are cumulatively responsible

for about 20% of net global carbon emissions [3].

In order to reduce greenhouse emissions from forest degradation and deforestation

the international programme REDD (Reducing Emissions from Deforestation and forest

Degradation) was established in 2005 by the United Nations Framework Convention on

Climate Change (UNFCCC). It is a framework through which developing countries are
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rewarded financially for any emission reductions achieved associated with a decrease in

the conversion of forests to alternate land uses [4].

As a part of this global international programme currently the project of setting up

the payment system in Nepal is establishing. The objective of this project is to engage

local communities in forest monitoring. The process of forest degradation and deforesta-

tion can be reduced by linking sustainable forest management practices with economic

incentives. In order to make this project work accurate and precise methods for measur-

ing the concentration of carbon dioxide should be established. One way of implementing

such methods is monitoring of forest biomass since there is a direct correlation between

biomass and carbon dioxide absorption. The most part of existing equations for biomass

estimation are based on tree height and trunk diameter.

With this intention, two groups of inventors made measurements in certain regions

of Nepal. At the same time remotely sensed data, namely LiDAR was obtained for all

area where measurements were made. The major objective of this thesis is to compare

and verify this data obtained from two different sources. The goal of such comparison is

to find out whether the measurements made by two groups of inventors are correct and

plausible or not, and can we use both data set together. For comparison of two different

data sets two models based on the regression analysis were used.

To begin with I would like to present some background information about Nepal and

forest special features in Chapter 2. This chapter also contains information about mea-

surements, namely how and where data was collected. In third chapter, the basics about

regression analysis and description of applied models are demonstrated. Finally, all results

are presented in Chapter 4.
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Data Background

2.1 General overview

Nepal, officially the Federal Democratic Republic of Nepal, is a small mountainous

country located in South Asia surrounded by China to the north and India to the south,

east and west (Figure 2.1, source of map: [5]).

Figure 2.1: Geographical map of Nepal

4
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Nepal covers total land area of 147,181 km2. There are three broad topographic regions

based on altitude and terrain: mountains, hills and Terai. The topography of the country

ranges from 70 m above sea level in the southeastern Terai, to 8848 m at the summit

of Mount Everest. Because of such varied topography, Nepal experiences a wide range

of climate zones – from subtropical in the lowlands to the arctic climate in the high

mountains [6].

Forests, land, water and minerals are the principal natural resources of Nepal. The

forest in Nepal covers area about 58 300 km2 which is 39.6% of the total land area of

the country [7]. Thus, the agricultural and forestry sector contributes significantly to

the national economy in Nepal. Nearly two-thirds of the country’s total population are

engaged in agriculture and forestry [8]. Forest resources provide basic products such as

fuel wood, timber and fodder and serve important ecological functions such as biodiversity

conservation, erosion control and carbon dioxide consumption [7].

1990 2000 2005 2010
Total forest cover

(1000 ha) 4817 3900 3636 3636
Above ground biomass in forests

(million tonnes) 950 770 718 718
Carbon in above ground biomass

(million metric tonnes) 446 385 359 359

Table 2.1: Above ground biomass and carbon in Nepal

According to the government reports and FAO [6], [7] the total forest area in Nepal

decreased during the last 20 years from 4.817.000 ha to 3.639.000 ha due to various

reasons. As we can see from Table 2.1 the total amount of above ground biomass and

carbon dioxide in it are correspondingly reducing. As a consequence, Above Ground

Biomass (AGB) and carbon dioxide emission are simultaneously diminishing with forest

area.

The project of design and setting up a governance and payment system for Nepal’s

Community Forest Management under Reducing Emissions from Deforestation and Forest
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Degradation (REDD) was implemented by Federation of Community Forest Users Nepal

(FECOFUN), Asia Network for Sustainable Agriculture and Bioresources (ANSAB) and

International Centre for Integrated Mountain Development (ICIMOD) [9]. This project

is aimed to engage local communities and create payment mechanism for designing and

functioning national forest governance. The major objective of REDD is climate change

control through reducing emissions of greenhouse gases and removing greenhouse gases

through enhanced forest management in developing countries.

In compliance with [9] for the operating of pilot project three watershed areas of Nepal

were chosen – Chitwan, Dolakha and Gorkha. In this work just two regions are consid-

ered – Chitwan and Gorkha. In general, Nepal is divided into five Development Regions

(Figure: 2.2) – Eastern Development Region (blue), Central Development Region (yel-

low), Western Development Region (green), Mid-Western Development Region (red) and

Mid-mountain region (purple).

Figure 2.2: Administrative map of Nepal

The Gorkha district is located in Western Development Region and covers an area of

3,610 km2. Gorkha is situated in hill region characterized by high altitudes (between 700

m and 3,000 m).
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The Chitwan district covers an area of 2,218 km2. In altitude Chitwan district area

ranges from about 100 m in the river valleys to 815 m in the Churia Hills. The biggest

part of all area is covered by Chitwan Royal National Park – 932 km2 which is located in

the subtropical Inner Terai lowlands of south-central Nepal. Besides, the buffer zone of

750 km2 which governed as protected area is also located in Chitwan region.

According to [10], Chitwan is Tarai district located mostly in Lower tropical zone

(58,2% of all area) and Upper tropical zone (32,6%). On the contrary, Gorkha is a hill

district which covers almost all ecological zones specific to Nepal except lower tropical

zone (0.1%). The percentage of areas which are located in specific ecological zones is

presented in Table 2.2.

Lower
Tropical

Zone,
%

Upper
Tropical

Zone,
%

Sub-
tropical
Zone,

%

Tempe-
rate

Zone,
%

Sub-
Alpine
Zone,

%

Alpine
Zone,

%

Trans-
Himalayan
Zone, %

Nival
Zone, %

Elevation
Range

below
300 m

300
to 1,000 m

1,000
to 2,000 m

2,000
to 3,000 m

3,000
to 4,000 m

4,000
to 5,000 m

3,000
to 6,400 m

above
5,000 m

Chitwan 58.2 32.6 6.7
Gorkha 0.1 19.8 14.6 13.3 14.9 10.6 14.8 11.5

Table 2.2: Percentage of Ecological Zones in Chitwan and Gorkha

2.1.1 Forest types

The forest types of Nepal vary from sub-tropical forest to alpine meadows in the high

Himal. There are 35 major forest types and 118 ecosystems in Nepal. The major tree

species in terms of growing stocks are Shorea robusta, Quercus spp, Terminalia alata,

Pinus roxburghii, Abies spectabilis, Rhododendron spp, Alnus nepalensis, Schima wallichii,

and Tsuga dumosa [7].

The type of forest canopy can have an influence on forest ecosystem. The forest canopy

is the uppermost layer of forest, formed by plant crowns. Forest canopy has an indirect

influence on soil moisture and temperature and can also affect root growth, evaporation

and other microbial processes. The canopy structure impacts the ability of different species

and individual trees to reproduce, survive and grow [11].



Chapter 2. Data Background 8

There are two main types of forest canopies [12]:

Figure 2.3: Natural forest formations

Closed canopies – a set of mature

trees which stand together and their leaves

and branches create united forest crown.

Closed canopies can hamper the develop-

ment of vegetation beneath it because the

crown prevents much needed sunlight from

getting through. However, in high winds

and other disastrous weather, the canopy

also protects the environment below.

Open canopies – a collection of tall

trees that have not grown together. Open

canopies allow sunlight to shine through,

therefore promoting the growth through

photosynthesis of plants below. However,

wildlife is less plentiful as it takes refuge under the cover of closed canopy areas.

For the whole Nepal the natural forest formations are shown on the Figure 2.3 (map

source: [13] based on [14]). As for Chitwan and Gorkha, the land cover type of forest is

presented in Table 2.4 in accordance with [9].

Land Cover Type
Area of different

land use systems, ha
Chitwan Gorkha

Closed canopy forest (dense) 4119 3873
Open canopy forest (sparse) 1702 996
Agriculture land
and built-up areas

2038 632

Other types 142 249
Total 8002 5750

Table 2.3: Land cover
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As we can see closed canopy type is prevalent in both regions (51,4% of all area in

Chitwan and 67,34% in Gorkha). Because a half of all Chitwan territory is located in

lower tropical zone with evaluating range below 300 m above the sea level, almost 25% of

all area is covered by agricultural lands and build-up areas.

2.1.2 Forest ownership

The forest in Nepal is officially classified by the GoN in accordance with the type of

ownership and management rights.

According to [6] and [15] there are two main types of ownership: public and private.

There are also some cases when ownership rights cannot be clearly identified. The recent

legal types of forest ownership are presented in Table 2.4 on page 10. The category of

private ownership includes 4 sub-categories: individuals, private business entities and

institutions, local communities and indigenous/tribal people.

According to the forest ownership classification can be recognized 6 classes of forest

in Nepal: government managed forest, private forest, community forest, leasehold forest,

religious forest and protected forest.

1. Government managed forest. All forests excluding private forest within the Nepal

are national and managed by GoN. Government managed forest also includes waste

or uncultivated lands or unregistered lands surrounded by the forest or situated near

the adjoining forest as well as paths, ponds, lakes, rivers or streams and riverine lands

within the forest.

2. Private forest. A forest planted, nurtured or conserved in any private land owned

by an individual pursuant to prevailing law.

3. Community forest A forest planted, nurtured or conserved in any private land owned

by an individual pursuant to prevailing law.
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Category Definition
Public ownership Forest owned by the State, or administrative units of the pub-

lic administration, or by institutions or corporations owned by
the public administration.

Private ownership

Forest owned by individuals, families, communities, private
co-operatives, corporations and other business entities, pri-
vate religious and educational institutions, pension or invest-
ment funds, nature conservation associations and other pri-
vate institutions.
Individuals Forest owned by individuals and fami-

lies.
Private business
entities and insti-
tutions

Forest owned by private corporations,
co-operatives, companies and other
business entities, as well as private non-
profit organizations such as nature con-
servation associations, and private reli-
gious and educational institutions, etc.

Local communities Forest owned by a group of individuals
belonging to the same community re-
siding within or in the vicinity of a for-
est area. The community members are
co-owners that share exclusive rights
and duties, and benefits contribute to
the community development.

Indigenous/tribal
communities

Forest owned by communities of indige-
nous or tribal people.

Other types of
ownership

Other kind of ownership arrangements not covered by the cat-
egories above. Also included areas where ownership is unclear
or disputed.

Table 2.4: Categories of forest ownership and management rights

The concept of community forestry in Nepal was established as a priority program

in the Master Plan for Forestry Sector (MPFS) in 1989 [16] by GoN and was later

reviewed in forest acts in 1993 and 1995 [15]. This approach implemented spe-

cial provision in handing over the national forest to local communities. Under this

program, the landownership remains within the government however the responsibil-

ities especially in protection, management and utilization of forest products remain

within the local communities [6].

4. Leasehold forest. A national forest handed over to any institution established on the
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prevailing laws, industry based on forest products or community for the purposes of

conservation and development of forest.

5. Religious forest. A national forest handed over to any religious person, group or

community for its development, conservation and utilization.

6. Protected forest. Protected forest includes National Park, Wildlife Reserve, Hunting

Reserve, Buffer Zone, Conservation areas and Strict Nature Reserve which were

defined to save and protect wild nature. In these areas are determined strict hunting

rules.

According to the latest available FAO report (2010) [6] 66% of all forest is government-

managed, 33% is in community ownership and just 1% is in business entities and institu-

tion.

2.2 Design of sampling and measurement techniques

This section provides short information aboutremotely sensed technology LiDAR and

field measurements connected to the AGB estimation. Furthermore, in subsection 2.2.3

the information about field plot selection is presented.

2.2.1 LiDAR

Nowadays, the remotely sensed data is used for the environmental research and mon-

itoring. The most common sources of such data are aerial and satellite images. The

satellite images are relevant for the exploration of large areas over several hectares be-

cause of their low-cost and high temporal frequency. On the contrary, such images do not

provide relevant information about forest canopy and cannot guarantee a high precision

of the received information.
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Thus, laser scanning technology is one of the most prominent methods of gaining aerial

information. In comparison to the satellite images, LiDAR has gained a popularity due to

the use of many applications in forest research for its precision, accuracy and possibility

to get information about forest canopy and height of trees. LiDAR was developed in

1970’s as a new method for hydrographic and bathymetric experiments [17]. Applying

laser scanning as a forest measurement system has started in 1980’s.

Figure 2.4: LiDAR scanning method
Source of the picture: http : //www.franepal.org

In general, LiDAR is an active sensing system using a laser beam as the sensing carrier.

There are two widely-used acronyms for laser scanners - LADAR (LAser Detection And

Ranging) and LiDAR (Ligth Detection And Ranging) [18]. An official terminology does

not exist, both acronyms are used in the same meaning.

To measure the height of trees, two light beams – emitted and reflected are considered.

However, the principle of estimation the difference between these beams depends on the

type of laser. There are two main types of lasers used in LiDAR devices – pulsed lasers

(PL) and lasers that continuously emit light (continuous wave CW lasers). In case of

pulsed laser it is easy to measure travelling time between the emitted and received pulse.

For the CW lasers the height of trees is estimated by the measuring phase difference
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between transmitted and the received signals backscattered from the surface. The advan-

tages and disadvantages of both measuring principles as well as complete information are

described in [19].

Presently, for airborne laser scanning pulsed lasers are used mostly. They have high

peak power (up to several MW) and narrow optical spectrum. The narrow spectral laser

line is an advantage because the background radiation, caused e.g., by backscattered

sunlight can be suppressed [19].

Figure 2.4 shows the LiDAR scanning process. On the left side of figure the plane with

LiDAR system is emitting and receiving light beam reflected from the ground. On the

right side – the LiDAR is emitting pulse light and receiving reflected beams from the top

of the trees, from branches and from ground.

2.2.2 AGB and Field Measurements

In general, the Above Ground Biomass (AGB) is all living biomass above the soil

including stem, stump, branches, bark, seeds and foliage [20]. The amount of AGB has

strong influence on the emission of carbon dioxide (CO2) at the atmosphere.

There are a number of models for AGB estimation. The model proposed in [21] based on

simple geometrical argument suggests that the above ground biomass of one tree (AGTB)

in kg with trunk diameter D is approximately proportional to the product of trunk basal

area BA, wood specific gravity ρ (it is a measure of the ratio of a wood’s density as

compared to water) and total tree height H :

BA =

(
π ·D2

4

)
,

AGTB = F · ρ ·
(
π ·D2

4

)
·H. (2.1)

In Eq. 2.1 – F is a coefficient which defines a tree taper. It was predicted for constant

values in [22] and [23]. If we assume that tree does not have the taper this coefficient will
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be equal to 1. In case of conical form this coefficient will be equal to 0,0333. However,

this model does not take into consideration the fact that tree does not keep the same size

of taper during all period of life.

In addition, there are a few models which use BA as an one variable based on as-

sumption that tree height is proportional to the trunk diameter H ∼ DB [21]. We can

substitute this relationship into Eq. 2.1 instead of H :

AGTB = F · ρ · π
4
·D2+B. (2.2)

The coefficient B which defines the proportional dependence between total tree height

and trunk diameter can be derived from engineering considerations according to [24]. This

model is useful for estimation AGB in case when a precise measurement of tree height is

not possible.

Moreover, there is a number of statistical models for AGB estimation based on regres-

sion models. Such models, for example Eq. 2.3, deals with the same information about

tree (BA, height, wood specific gravity) and with additional parameters β:

ln(AGTB) = α + β1ln(D) + β2lh(H) + β3ln(ρ). (2.3)

More details about AGB estimation models are presented in [21] and [25].

Whereas these equations to calculate the biomass of tall trees necessary to know the

height of the tree and its diameter. In practice the tree diameter was measured at

breast height DBH (at 1.3 m). Two groups of inventors – local people trained by ICI-

MOD (Comm) and professionals (Prof ) made measurements in both regions Chitwan and

Gorkha. They measured the height and DBH of all trees with diameter greater or equal

to 5 cm within 250 m2 circular plots (8,92 m horizontal radius) in Chitwan and within

100 m2 plots (5.64 m horizontal radius) in Gorkha. To measure saplings, trees with DBH



Chapter 2. Data Background 15

more than 1 cm and less than 5 cm a plot of 5.64m was established at the centre within

each big plot. The structure of circular plot is presented on Figure 2.5 (from [9]).

Figure 2.5: Sampling design of circular plot

The full information about methodology of data collecting and AGB estimation is

presented in [9]. The direct instructions for tree measurements were made by Arbonaut

[26]. For measuring the height of standing trees the Vertex IV and transponder T3 were

used. The special caliper was used for DBH measurements.

For AGTB estimation with measured parameters was used Eq.2.1 with following coef-

ficients:

AGTB = 0, 0509 · ρD2H. (2.4)

For estimation Above Ground Sapling Biomass (AGSB) the allometric biomass equa-

tions based on tables developed by the Department of Forest Research and Survey and

the Department of Forest, Tree Improvement and Silviculture Component of Nepal were

used:

log(AGSB) = a+ b · log(D), (2.5)

where a is the intercept of allometric relationships for saplings; b is the slope allometric

relationships for sapling and D is the over bark diameter at breast height (measured at

1.3 m above ground). The used variables and method of estimation are presented in [9].
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A nested plot of 1 m radius was laid out for evaluating status of regeneration (< 1cm

DBH). All regenerations in the plot of this size were counted, identified and recorded.

Equations for estimation the biomass of Leaf Litter, Herbs, and Grasses (LGH) were

established one circular sub plot of 1 m2 (0.56 m radius) at the centre of each plot. The

methodology and equations for LGH estimation also are presented in [9].

As a result, the total above ground biomass is calculated by summing the biomasses

of tall trees, saplings, leaf litter, herbs and grasses:

AGB = AGTB + AGSB + LGH. (2.6)

In accordance to [9] the sapling and leaf Litter, Herbs and Grasses (LHG) together do

not introduce large contribution to the total amount but also must be calculated.

The total of 523 plots were obtained in Gorkha and Chitwan from professional mea-

surements Prof and measurements made by local people Comm trained by professionals

from ICIMOD research center.

Table 2.5: Number of field sample plots

Measurements
made by local people,

Comm

Professional
measurements,

Prof
Chitwan 183 Chitwan 57
Gorkha 191 Gorkha 92
Total 374 Total 374

2.2.3 Plot Selection

For comparison and verification we assume that LiDAR data is available in all area of

both regions. After airborne laser scanning we get the information about height of trees

which can be compared to the field measurements.
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Figure 2.6: Plot locations.

The location of plots is depicted on Figure 2.6 in UTM coordinates. Green circles show

measurements made by local people and blue by professionals. The size of each plot is

proportional to the AGB amount, measured within this plot.

As we can see from these figures the Comm plots in both regions were selected randomly

and the basis of sampling design is unknown. On the contrary, sampling design of Prof

plots was established in a form of cluster. Because the plots are proportional to the

amount of biomass, we can see that average measured AGB made in Chitwan region was

higher than in Gorkha region.

2.3 Data Classification

Due to all distinctive features of districts and forest in them we can classify measured

data by the type of forest canopy and location of forest. Table 2.6 refers to the classification

of measurements which were made by local people. As we can see mostly all plots were

located in community forest in both regions – 97% of all plots. In addition the biggest

part of all plots were measured for the close canopy forest – 82% of all plots and only

16% for open canopy type. There was also type of forest, where type of canopy was not

classified – 1% (just 3 plots).
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Table 2.7 shows the classification of all plots obtained by professional inventors. In

comparison to the local people measurements which were mostly made in community

owned forest, professionals measured parameters in forest with both types of ownership –

in community owned forest (51%) and in private forest (49%). However, the close canopy

type is prevalent for this set of measurements too (74% – close, 13% – open, 13% – none).

Furthermore, from the second parts of the Tables 2.6 and 2.7 we can see the allocation

of all plots according to both parameters – forest type and location. In both tables close

type of canopy in community owned forests is dominant.

Regions Total
Types of forest canopy Location of forest
Open Close None Community forest Private forest

Chitwan 183 28 153 2 179 4
Gorkha 191 33 157 1 185 6
Total 374 61 310 3 364 10

Regions
Open type in

Community Forest
Open type in
Private Forest

Close type in
Community Forest

Close type in
Private Forest

Chitwan 27 1 151 2
Gorkha 33 0 151 6
Total 61 310

Table 2.6: Measurements made by local people

Regions Total
Types of forest canopy Location of forest
Open Close None Community forest Private forest

Chitwan 57 9 42 6 31 26
Gorkha 92 10 69 13 45 47
Total 149 19 111 19 76 73

Regions
Open type in

Community Forest
Open type in
Private Forest

Close type in
Community Forest

Close type in
Private Forest

Chitwan 5 4 24 18
Gorkha 4 6 41 28
Total 19 111

Table 2.7: Measurements made by professionals
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However, there are some similarities and differences in data classification. 82% of all

measurements were made by local people in community owned regions for the closed

canopy forest and just 16% for open type. The biggest part of all professional measure-

ments (43%) also were made in community owned forest for close type canopy and just

6% for open type. Moreover, in opposite to local people measurements all professional

measurements were made in both community and private forest with almost equally sizes

of sets.

Region N Mean Min Max Std.Dev.
Measurements made by local people

Chitwan 183 320.1270 1.198485 3257.630 346.6269
Gorkha 191 208.3122 0.000000 2200.359 223.3749

Professional measurements
Chitwan 57 205.8227 0.596920 678.605 177.5735
Gorkha 92 127.3239 4.106143 479.174 112.1473

Table 2.8: AGB statistics

It can be clearly seen from Table 2.8 that maximum value of AGB in measurements

which were made by local people is larger than professional measurements – maximum in

Prof is 678,605 Mg/ha, when maximum in Comm is 3.257,630 Mg/ha. These results can

be called the outliers. The reasons of different results are not clear.

On the one hand, such differences can be caused by measurement errors. The theory

of measurement errors is a considerable and inalienable part of experimental science. The

basics about measurement errors are presented, for example, in [27], [28] and [29]. In brief,

the measurement error can be explained as difference between estimated and ’true’ value

and usually a combination of systematic error and random error. Systematic error occurs

with the same value and tends to shift all measurements in a systematic way. Random

error varies in an unpredictable way and can be caused by different reasons, such as

instrumental error, subjective errors, noise, etc. For this particular case the difference in

results of professionals and local people can be caused by instrumental errors (instruments

of one type which were used for measurements could have own systematic error) or random

variables (i.e. subjective human mistakes).
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On the other hand, these differences can be caused by different relief and climate zones

of two regions Chitwan and Gorkha together with location of plots. Also, as we can see

from Figure 2.6 Comm plots were selected randomly in contrast to Prof measurements.

It is not clear how the location of plots can affect the total AGB estimated within each

plot, nevertheless, such differences also should be taken into account.

The greatest interest for this analysis represent the data with the biggest size of samples

- close type in community forest in both regions Chitwan and Gorkha. In Chapter 3 for

the regression analysis we decided to discard biggest outliers and confine data (i.e. include

only data where AGB <1.500 Mg/ha). As a result we substract from all data just two

plots and total number of all plots decreased to 521. Table 2.9 shows the mean, min, max

and standard deviation of AGB in plots located in community owned closed canopy forest

in both regions.

Region N Mean Min Max Std.Dev.
Measurements made by local people

Chitwan, Closed canopy,
Community forest

150 320.3031 1.1985 1 217.90 276.3417

Gorkha, Closed canopy,
Community forest

150 213.3431 0.3969 964.5493 175.3440

Measurements made by professionals
Chitwan, Closed canopy,

Community forest
24 306.864 26.0515 678.6046 189.3946

Gorkha, Closed canopy,
Community forest

41 198.3014 11.6339 479.1741 115.6433

Table 2.9: AGB statistics for closed canopy community owned forest, cleaned data
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Regression Analysis

Generally speaking, many mathematical and statistical applications involve modeling

the relationships among sets of variables. Regression analysis is a statistical technique

which is used for these purposes. According to [30] Bayesian analysis is a method to

search optimal combination of model parameter values that are required to accurate and

precise estimates.

The object of this work is to verify LiDAR data and field measurements. We shoud find

out whether there is any correlation between AGB estimated by two different inventors

or not. For the data verification two regression models – Sparse Bayesian Regression and

Bayesian Linear Regression with Orthogonal Variables were used.

3.1 Linear Regression Model

In complaince with [31], the regression analysis is a method which allow researchers to

learn a model of the dependency between variables with the objective of making accurate

predictions of variable which should be modeled.

21
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In general, the simple regression model has the following form:

y = f(x,w) + ε, (3.1)

where y is the dependent variable (variable to be modeled), x is the independent variable

(variable used as a predictor of y), ε is the random error component, w is the adjustable

parameter or weight and f is the function of regression dependence. Commonly, for

estimating purposes the noise is defined as normally distributed with zero mean and σ2

variance.

There are different methods which define the ’rule’ of choosing ’good’ weights for the

model. One of the most suitable and widely used methods – least squares or ordinary

least squares approach [32] was proposed by German scientist Karl Gauss in 1795. He

proposed an estimation of the parameters w in order to minimize the Sum of Squared

Errors (SSE). In common various authors prefer other names - SSE is also known as the

Residual Sum of Squares (RSS) or Sum of Squared Residuals (SSR). Using Eq. 3.1 we

may express the simple linear model so that SSE is minimized:

SSE =‖ y − f(x,w) ‖ 2 =
N∑
i=1

(yi − f(xi, w))2, (3.2)

where N is the number of observations.

There is no guarantee that estimated model can provide an adequate approximation to

the true response. One way to check the model is the residuals examination. The residuals

are the differences between the actual value and the value predicted by the fitted model.

In general, because the error or noise is assumed to be normally distributed with

zero mean and variance σ2, approximately 95% of the standardized residuals should lie

within two standard deviations of the mean [33]. Residuals which are located outside

the boundaries of this interval may indicate the presence of outliers (observations which

are not typical of the rest of the data, very large or small values in comparison to the

rest data). Various rules have been proposed for discarding outliers, for instance, in [34].
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However, outliers sometimes provide important information about unusual circumstances

of interest to experimenters and should not be rejected.

3.2 Bayesian Linear Regression

For the AGB prediction two models were used: Sparse Bayesian Regression (SBR)

and Bayesian linear model with orthogonal variables (BtSVD) [31],[35]. Both models are

based on the simple linear regression model (Eq. 3.1).

3.2.1 Sparse Bayesian Regression

The model used here based on the Sparse Baysian learning model proposed in [31]. In

that model author identified general basis functions with the kernel functions, but because

we do not know the model structure we have resorted to a linear model.

Thus, the general form of regression model Eq. 3.1 can be presented in a following

form:

y = xw + ε. (3.3)

Here y is the (N × 1) response vector, which contains the forest inventory variable values

yi measured in the N field sample plots i, (i = 1, 2, . . . , N), x is an (N ×M) matrix of

corresponding independent variables; w is an (M × 1) vector of corresponding regression

weights and error ε which follows normal distrubution.

The squared distance between the dependent variable y and linear function f of the

independent measurements xw , f = xw , is minimized [35] (Eq. 3.2). According to [30]

and [31] the likelihood function of this linear regression can be written as

p(y|x,w ;σ2) =
N∏
i=1

N (yi|xi,w , σ
2) =

1

(2πσ2)N/2
exp

(
− 1

2πσ2
‖ y − xw ‖2

)
, (3.4)
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where N is a notation which specifies the normal distribution, the mean of the likelihood

is the estimate y, and the unknown variance is denoted by σ2. Unknown parameters of the

distribution, w and σ2, should be estimated. Hence, the maximal likelihood is attained

by minimizung the sum of squared distances f = xw [35].

To avoid over-fitting, which can emerge because of large number of parameters com-

pared to N in the model, a method with addition of a ’complexity’ penalty term to the

likelihood error function, aprior:

p(w |α) =
M∏
j=1

N (w j|0, α−1
j ), (3.5)

where α is a vector of (M + 1) hyperparameters. Importantly, there is an individual

hyperparameter associated independently with every weight, defining the strength of the

prior.

To complete the hierarchical Bayesian formulation we should define hyperpriors over

the variance parameter of the hierarchical prior α and over variance parameter of the

likelihood β.The suitable priors according to [31] and [36] are Gamma distributions.

The next logical step after defining the prior is defining the posterior probability of

weight parameters w . According to Bayes’ rule (shortly: posterior is proportional to

likelihood times prior):

p(w ,α, σ2|y) =
p(y|w ,α, σ2)p(w ,α, σ2)

p(y)
, (3.6)

p(y) =

∫
p(y|w ,α, σ2)p(w ,α, σ2)dwdαdσ2, (3.7)

where p(w ,α, σ2|y) is the posterior, p(y|w ,α, σ2) is the likelihood of the observed data,

p(w,α, σ2) is the normal prior distribution over w , p(y) in Eq. 3.6 is the normalizing

constant called evidence.
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The posterior normalizing integral p(y) in Eq. 3.7 of evidence cannot be directly per-

formed. Thus, we can decomposite and only analytically find the posterior with assump-

tion that the normalizing integral can be stated as normal distributed Eq. 3.9. Hence,

the posterior distribution over the weights is thus given by:

p(w |y,α, σ2) =
p(y|w , σ2)p(w |α)

p(y|α, σ2)
= N (w |µ,Σ), (3.8)

p(y|α, σ2) =

∫
p(y|w , σ2)p(y|α)dw , (3.9)

where posterior mean µ and covariance Σ are denoted as

Σ = (A + σ−2xTx)−1, (3.10)

µ = σ−2ΣxTy, (3.11)

with A = diag(α0, α1, . . . , αN) is a diagonal matrix of hyperparameters.

Next logical step is the optimizing the hyperparameters αj, j = 1, 2, . . . ,M , and σ2.

Each parameter α is defined individually. Parameters and hyperparameters are estimated

with the type-II maximum likelihood method explained in [30] and [31]. The procedure

of this method includes two steps: first step is to integrate over the analytically solved

parameters w , and second step is to maximize evidence p(y,α, σ2) over the hyperparam-

eters.

The differentiation of Eq. 3.8, equating to zero and rearranging gives a resolution for

αj and for the variance of noise σ2. The following approach is presented in [30].

αnew
j =

γj
µ2
j

, (3.12)

(σ2)new =
‖ y − xw ‖2

N − Σi(γi)
, (3.13)

where µj is the j-th posterior mean weight calculated from eq.3.11; γj = 1 − αjΣjj),

with Σjj the j-th diagonal element of the posterior weight covariance computed with the
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current α and σ2 values.

The process of finding these parameters follows the algorithm: firstly, estimate the

covariance Σ (Eq. 3.10) and mean value µ (Eq. 3.11) for some initial values α and σ2.

Secondly re-estimate αnew and (σ2)new until they will satisfy the certain quality criteria.

During this estimation the hyperparameter α becomes large and the covariance of the

weight posterior becomes sparse.

The final step is the making predictions. For this procedure one important assumption

is defined: the posterior p(w |y,α, σ2) ∝ p(y|w ,α)p(w |α) should have a strong peak

value near the most probable parameters wMP . In that case the predictive distribution

for a new data x∗ with the estimated weight parameters:

p(y∗|y,αMP , σ
2
MP ) =

∫
p(y∗|w , σ2

MP )p(w |y,αMP , σ
2
MP )dw = N (y∗|, σ2

∗), (3.14)

with

y∗ = x∗µ, (3.15)

σ2 = σ2
MP + x∗Σx

T
∗ . (3.16)

The predictive variance consists of two variance components: the variance of estimated

noise on the data and the variance of uncertainty in the prediction of weights.

3.2.2 Bayesian Linear Regression with Orthogonal Variables

BtSVD model is also based on Bayesian linear regression. However, this method uses

the principle of Singular Value Decomposition (SVD) which is a method for identifying

and ordering the dimensions along which data points exhibit the most variation, thus the

best approximation of the original data is possible using fewer dimensions.
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The model is fully described in [37]. For any real matrix Z of size (N ×M) there are

two real orthogonal matrices U and V such that:

Z = USVT , (3.17)

where U is an (N × N) matrix consisting of the eigenvectors of matrix ZZT , V is an

(M ×M) matrix consisting of the eigenvectors of matrix ZTZ, S is an (N ×M) diagonal

matrix, where the elements in a diagonal consisting of the singular values λm given in

order λ1 > λ2 > . . . > λM , and the rest elements are equal to zero. The diagonal elements

of matrix S are called singular values and computed as square roots of the eigenvalues

of ZTZ and ZZT . The columns of U and V are called left- and right-singular vectors

correspondingly.

For example, matrix

A =

0.96 1.72

2.28 0.96


has such singular decomposition

A = USVT =

0.6 0.8

0.8 0.6

3 0

0 1

0.8 −0.6

0.6 0.8

T

It is easy to notice that matrices U and V are orthogonal, i.e UUT = UTU = IN and

VVT = VTV = IM (IN refers to (N × N) identity matrix and IM refers to (M ×M)

identity matrix).

For case when M > N in the Z matrix with (N ×M) size (Eg.3.18), diagonal matrix

will have zero rows (rows contain only zero values), conversely when M < N – zero

columns presented. For this purpose there is a so-called short representation Eq. 3.19:

Z(N×M) = U(N×N) × S(N×N) ×VT
(N×N), (3.18)

Z(N×M) = U(N×R) × S(R×R) ×VT
(R×N), (3.19)
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where R = min(M,N).

A large singular value means that the corresponding singular vectors captures a large

amount of the variation in the original data Z. Hence, using only the q first columns of

matrices U and V and the corresponding q largest singular values the original data can

be approximated by Z ' Zq = UqSqV
T
q . According to this statement q can be estimated

as the largest value for which
q−1∑
m=1

λm/
M∑

m=1

λm ≤ P, (3.20)

holds with a given explanation ratio, e.g. 90% (P = 0.9). Based on this assumption new

matrix Zq explains the original matrix using only q orthogonal predictors with P × 100%

of the variability.

For the verification of predicted data we use cross-verification and LOO methods (ex-

plained later in Section 3.3) which involve separation of data into training set and verifica-

tion set. Consequently, after SVD the initial matrix Z can be divided into two sub-matrices

– training set Zq,t and verification set Zq,v.

The regression model in a form of Eq. 3.3 for training set after SVD can be stated as

yt = xtw + ε, (3.21)

where xt = Uq,tSq and w = VT
q w̃ . The w̃ is a notation of original regression weight

values used in Eq. 3.3.

Similarly to the Sparse Bayesian regression (Eq. 3.4) the likelihood function can be

written as:

p(yt|xt,w , σ
2IN) =

1

(2πσ2)N/2
exp

(
− 1

2σ2
(yt − xtw)T (yt − xtw)

)
. (3.22)

The finding a solution of this equation is called the truncated SVD (TSVD) method.

The truncation refers to the (M − q) singular vectors expelled from the model because of
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the corresponding small singular values.

Similarly to the Sparse Bayesian Regression described in Section 3.2.1, the regression

weights w are assumed to be aprior normally distributed N (w |0, α−1) with zero mean

and some variance α−1. The regression with such regularization becomes

p(yt|xt,w , σ
2IN)p(w |0,A−1), (3.23)

where the covariance matrix A is an (q + 1) × (q + 1) diagonal matrix with diagonal

elements αj = α for j = 1, 2, . . . , q.

Following the formulation described in [31], [37] and [38] the unknown parameters can

be estimated by an iterative procedure. The mean µw and covariance Σw of the weight

values can be estimated analytically by the normal posterior:

p(yt|xt,w , σ
2IN)p(w |0,A−1) = p(w |µw,Σw)p(yt|0,C), (3.24)

Σw
−1 = σ−2xT

t xt + A = Sq

(
σ−2UT

q,tUq,t + S−1
q AS−1

q

)
Sq = SqΣ

−1
U Sq, (3.25)

µw = σ−2ΣwxT
t yt = S−1

q σ−2ΣUUT
q,tyt = S−1

q µU , (3.26)

C = σ−2(IN + Uq,tS
2
qA

−1UT
q,t). (3.27)

The model residual yt − xtµw is equal to yt − Uq,tµU , which corresponds to the

use of predictors Uq,t instead of Uq,tSq, such that each of the regularization matrix A

components αm is substituted with αmλ
−2
m .

The parameters can be estimated using the same type-II maximum likelihood approach

which was used for Sparse Bayesian Regression. In this method the evidence is maximized

[31], [37] and [30]. The predictors Xt are replaced by the decomposition Uq,tSq and the
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update models for the parameters become:

(α̃0)
new =

γ0
µ2

U,0

, (3.28)

(α̃)new =

∑q
i=1 γi∑q

i=1µ
2
U,iS

−2
q,ii

, (3.29)

(σ̃−2)new =
N −

∑q
i=0 γi

(yt −Uq,tµU)T (yt −Uq,tµU)
, (3.30)

with γi = 1− α̃iλ
−2
i ΣU,ii (λ0 = 1).

Using the similar algorithm as for SBR, we can find unknown parameters by integrating

the Eq. 3.28, 3.29 and 3.30 until they will satisfy the certain quality criteria.

The final step is prediction of the new of the plot j. The distribution can be written

in following form (Eq. 3.31). Since the right hand side distributions are normal, the

prediction of a new plot also follows normal distribution.

p(yvj |yt, α∗, σ
2
∗) =

∫
p(yvj |xvj ,w , σ

2
∗)p(w |µw,Σw)dw = N (yvj |ỹvj , σ̃

2
vj

) (3.31)

ỹvj = UqµU , (3.32)

σ̃2
vj

= σ2
∗ + UqΣUUT

q (3.33)

where µw = S−1
q µU and Σw = S−1

q ΣUS−1
q .

Thus, the predictors of training set consist of the rows of the left singular vector Uq

which represent the field sample plots, and the diagonal regularization matrix, AS−2,

which defines which predictors are allowed to have non-zero weights.

3.3 Verification

Because we have two models the final step of such estimation is to find out which model

fits the data best. There is some philosophical statement called ”Occam’s razor” made

by English Franciscan friar and scholastic philosopher and theologian William of Ockham
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[39], [40]. ”Occam’s razor” is a principle of the preference of simpler models to the complex

models. If some models equally good fit the data the Occam’s rule recommend to choose

the simplest model.

Model validation is a test of how well predicted model fit the observed data. This is

an important part of analysis which shows the quality of model. There are a number of

significance tests which are used to assess the quality of the model predictions. Fisher’s

significance test [41] and Neyman-Pearson hypothesis test [42] are two widely used vali-

dation tests [33]. Besides these classical tests, there is a number of statistical tests which

present alternative strategy for model validation and are focused on practical applications.

The validation strategy applied in this work are performed in accordance with [43].

The error statistics was calculated using both leave-one-out (LOO) procedure and

straight cross-verification [44],[45]. Cross-validation is a general method that can be

used to judge how well a procedure will predict with future data sampled from same

population or data-generating mechanism that produced current data. The idea is to

divide the available data into two parts at random, a training set and a verification set.

The training set is used to obtain a model for prediction. The fitted model is then applied

to the verification set and predictions errors, fit minus observed are computed [46]. In this

work we used both Comm and Prof data sets as training and verification sets: Comm vs.

Prof and Prof vs. Comm.

For case when the teaching set and verification set are the same we can use LOO. In

leave-one-out method one of all plots of teaching set is used as verification plot and at

the same time rest plots of teaching set are used to calibrate the model. Thus, we use

one by one plot of the whole data set for verification and the rest plot for training. The

additional information about verification procedure presented in [44].
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To calculate the difference between predicted and mesured values from different verifi-

cation subsets Nv on different models some statistical values were used:

rmse% =

√∑Nv

i=1(ỹv,i − yv,i)2

Nv

100%

ȳv

, (3.34)

bias% =

∑Nv

i=1(ỹv,i − yv,i)

Nv

100%

ȳv

, (3.35)

where ỹv is the predicted estimates, ȳv =
∑Nv

i=1 yv,i/Nv, rmse% is the relative root mean

square error, and bias% is the difference between this estimator’s expected value and the

true value of the parameter being estimated.
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Results

Both models SBR and BtSVD were applied firstly to the data set divided according the

type of inventor: professional or local people (Figure 4.1). The cross-verification results

for bias% and rmse% are presented in Table 4.1. We can see the biggest bias value is

for case of training set Comm and verification set Prof. In case of LOO for two pairs –

training set Comm, verification set Comm and training set Prof and verification set Prof

the bias values are almost zero. These results define the difference between the estimated

and predicted values.

Due to the all specific forest characteristics we made a classification of all data sets

according to the regions (Gorkha and Chitwan), forest canopy types (Open, Close and

None-defined) and forest ownership rights (Community or Private). The biggest number

of plots are located in Community owned closed canopy forest (Gorkha – 150 (Prof ), 150

(Comm); Chitwan – 24 (Prof ), 41 (Comm)). The results of applying SBR and BtSVD

for data from these regions are presented in Tables 4.2 and 4.3 correspondingly. Figures

4.2 and 4.3 illustrate BtSVD prediction model because this model showed better results

that SBR.

There are four graphs for each case. The upper-left and lower-left plots show the depen-

dence between measured (horizontal axis – Field measurements) and predicted (vertical

33
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Figure 4.1: Both regions Chitwan and Gorkha – Professionals vs. Locals

Training set Comm Training set Prof
Verification Set Method rmse% bias% rmse% bias%

Community
SBR 70.6 -0.0 72.2 -7.8

BtSVD 69.1 -0.1 71.2 -8.7

Professional
SBR 65.8 10.6 68.2 0.2

BtSVD 66.4 16.1 66.8 0.1

Table 4.1: Root mean square and bias, Gorkha and Chitwan region

axis – Predictions) values. The upper-right and lower-right plots show the residuals –

estimated difference between measured original data and predicted values.

To verify the original and predicted data some statistical methods, such as in Eq. 3.34,

3.35 and tests for errors of prediction presented in [33] were used.
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Figure 4.2: Gorkha region - Close canopy forest in community owned regions

Training set Comm Training set Prof
Verification Set Method rmse% bias% rmse% bias%

Community
SBR 61.2 1.2 60.5 3.4

BtSVD 60.6 -0.0 60.2 2.4

Professional
SBR 35.9 -2.7 40.8 1.2

BtSVD 36.0 -4.9 37.4 0.1

Table 4.2: Root mean square and bias, Gorkha region

As we can see for the whole data set both model shows considerable bias in case when

both data sets measurements were treated by direct cross-verification (Table 4.1). After

the data classification and model applying separately for both regions we can see that

in Gorkha region (Table 4.2) average bias is relatively less than in case of full data set.

In contrast, the result bias for Chitwan region is even larger then bias for both regions
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Figure 4.3: Chitwan region - Close canopy forest in community owned regions

Training set Comm Training set Prof
Verification Set Method rmse% bias% rmse% bias%

Community
SBR 71.6 -0.3 75.3 -20.4

BtSVD 60.2 -8.6 53.2 20.6

Professional
SBR 55.0 22.8 67.5 0.7

BtSVD 74.9 -20.2 71.9 -0.5

Table 4.3: Root mean square and bias, Chitwan region

prediction (Table 4.3).

In case when one data set was used for training and for verification we can see that

both models showed almost no bias in Gorkha region. Curiously that for LOO method

bias is also near zero but again for Ghitwan region BtSVD model showed significant bias.
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Mean Min Max Std.Dev.
Chitwan Comm

Field measurements 320.3031 1.1985 1 217.90 276.3417
BtSVD 318.8010 0.0000 728.2461 155.6726
SVD 319.3893 0.0000 738.0025 166.8073

Gorkha Comm
Field measurements 213.3431 0.3969 964.5493 175.3440

BtSVD 213.3077 0.0000 501.1344 122.5654
SBR 215.8391 0.0000 508.4190 124.5162

Chitwan Prof
Field measurements 306.864 26.0515 678.6046 189.3946

BtSVD 278.5156 77.8864 417.3508 96.8209
SBR 306.8641 0.0000 536.0351 133.6971

Gorkha Prof
Field measurements 198.3014 11.6339 497.1741 115.6433

BtSVD 198.4716 0.6783 368.4284 90.8272
SBR 200.7264 13.0040 444.5152 93.0842

Table 4.4: Comparison of measured and predicted data

The analysis of predicted values presented in Table 4.4 gives a good description of two

models. The table once again demonstrates that both models work good in Gorkha region.

However, the differences in mean values and standard deviation are significant for predic-

tions in Chitwan region. As we can see the estimated mean values for all data are close to

the field measurements except BtSVD model for Prof measurements in Ghitwan. In this

particular case min value is significantly higher than measured min value and standard

deviation of predicted values is less than standard deviation for field measurements. In

summary, we can make suggestion that the set of Prof measurements in Chitwan contains

some errors or unassigned outliers.

Therefore, all these results can indicate the presence of additional non-recognized out-

liers in original data or inadequacy of applied model. The whys and wherefores of big bias

can only be caused by outliers in original data. The reasons of errors are not clear. Some

suggestions are presented in section 2.3 in chapter 2. It is necessary to notice that the

sizes of circular plots whithin which all measurements were made in Chitwan and Gorkha

were different.



Chapter 5

Conclusions

Firstly, for both data sets without any classification (Table 4.1) we got significant

average bias which defines a large difference between estimated and predicted values. We

could not use both data sets as one with full confidence.

Afterwards, we focused on the data and forest itself. Two regions Chitwan and Gorkha

are located in absolutely different geographical and ecological zones. Besides, the forest

canopy can affect on the ecosystem and growing rate of trees. Furthermore, the forest

owner is responsible for forest and type of forest ownership can characterize the state of

forest, e.g. planting of new trees, control of forest fires, etc. All this specific properies can

cause great differences in forest.

Due to all distinctive features we made classification in accordance with type of forest

canopy and forest ownership and choose two parameters for both regions with the biggest

number of plots – closed canopy and community owned forest and applied both models

separately to regions. The results presented in Table 4.2 for Gorkha and Table 4.3 for

Chitwan demonstrate that both applied models work quite good just for data set obtained

in Gorkha region. After direct cross-validation the bias for Gorkha data set is not such

significant as for the whole data.
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After all, we can declare that obtained results may confirm the accuracy of the de-

veloped models, but only for field measurements from Gorkha district. Thus, estimated

model can be implemented to the data set from the whole Gorkha region without classi-

fication.

However, in case of Chitwan we can suppose that serious bias is a result of errors in

data set. Even after cleaning and discarding obvious outliers (values > 1500Mg/ha) there

are still some problems mostly in Prof data (Table 4.4). All mistakes can be caused by a

number of reasons: errors in field measurement, specific relief of each region, the radius

of circular plot, etc. In view of significant bias we cannot be sure to use both data sets

together in AGB predictions.

To sum it all up, we cannot clearly declare that in some sense Comm measurements

are worse than Prof and vice versa. In our case both Comm and Prof data sets showed

significant bias in Chitwan in comparison to Gorkha. The outliers and errors can often

occur in the measurements of a large number of data and the aim of all research is to

define where and why these mistakes were made and not just reject all data and call it

insolvent. The future research may be directed to the data set Prof from Chitwan to

define the reasons of outliers.
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