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ABSTRACT
Grassland ecosystems cover a large portion of the Earth surface and have similar economic
and ecological values as croplands and forest ecosystems. To sustainably provide ecosystem
services through grasslands, grassland management bridges the connection between the provision
of grassland services and maintenance of grassland conditions. Therefore, it is important to select
suitable methods of management for grassland services based on the particular conditions of
grasslands. In order to implement appropriate management methods in grassland ecosystem, it is
necessary to monitor grassland response and compare it to previous grassland management through
long-term time periods, then separate the impact of various methods of management and climate
variations. The purpose of this research is to monitor and measure the grassland response to
management methods using optical remote sensing (RS) imagery. More specifically, the purpose
is to overcome the challenges facing the application of optical RS for evaluating grassland
conditions (dead material estimation and the issue of mixed pixel for green vegetation extraction),
to monitor the lag impact of long-term conservation actions, and to quantify and separate the effects
of management and climate conditions as well as their interactions. The study area is Grasslands
National Park (GNP) including the West Block and East Block which is located in the southern
part of Saskatchewan, Canada and falls in the mixed prairie ecoregion of North American Great
Plains. The results of this research provides the methodology to estimate the dead material and
extract the information (coverage or biomass) of green vegetation from mixed pixels containing
bare soil, soil crust and dead materials using multispectral RS images. The results also indicate that
combining optical RS with historical data of over 40 years has the advantage in monitoring the lag
effects of grassland management and in evaluating the best time intervals for certain strategies of
grassland management by calibrating of field-collected biophysical parameters and spectra. This
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research proves that optical RS images can be used to quantitatively separate the effects of
grassland management and climate variations as well as the interactions between the two when
prior data on the intensity of the grassland management is available.
Keywords: conservation actions, remote sensing, grassland management, grazing management,
biomass, grassland, dead material, soil line, lag effects, litter cover, biodiversity, soil organic
matter, interaction between grazing and climate

iii

ACKNOWLEDGEMENTS
I would like to give my sincere thanks to my supervisor, Dr. Xulin Guo for her dedicated
work in supporting and supervising me as I completed the research for my PhD program and wrote
my thesis. And I also want to give my thanks to my committee members, Dr. Eric Lamb, Dr.
Maureen Reed, Dr. Dirk de Boer & Dr. Bob Patrick for their helpful comments and suggestions
for my research and dissertation. Many thanks to Dr. Nicola Koper, University of Manitoba, for
sharing the filed data from the east block of Grasslands National Park. I really appreciate the field
crew from Dr. Xulin Guo’s research group for helping me collect the field data.
I would also like to acknowledge Natural Sciences and Engineering Research Council of
Canada (NSERC), ISTP Canada, Saskatchewan Innovation & Opportunity Graduate Scholarship,
China scholarship Council (CSC) and University of Saskatchewan for their financial support, as
well as Grasslands National Park for their support of field work and for the information they
provided including the acquired dates for the lands in the park region and various Geographic
Information System (GIS) layers.
I really appreciate the graduate students in Dr. Xulin Guo’s research group for sharing their
knowledge and discussing research ideals with me in my research field, as well as the great efforts
of Dr. John Wilmshurst and Mr. Colin Brown in editing the English in this dissertation. I would
also like to give my special thanks to my parents, sister and all my friends for their moral support.

iv

TABLE OF CONTENTS
ABSTRACT .................................................................................................................................... ii
ACKNOWLEDGEMENTS ........................................................................................................... iv
TABLE OF CONTENTS ................................................................................................................ v
LIST OF TABLES .......................................................................................................................... x
LIST OF FIGURES ........................................................................................................................ xi
LIST of ABBREVIATIONS ........................................................................................................ xiv
CHAPTER 1: General introduction ................................................................................................ 1
1.1

Preface .............................................................................................................................. 1

1.2

Introduction ...................................................................................................................... 1

1.3

Grazing management and conservation actions ............................................................... 4

1.4

Application of optical RS in grassland management........................................................ 6

1.4.1 Theory ........................................................................................................................... 6
1.4.2 Approaches and applications ...................................................................................... 10
1.4.3 Application of RS for grazing and conservation management ................................... 17
1.4.4 Summary and research gaps........................................................................................ 17
1.5

Research hypothesis and objectives ............................................................................... 18

1.6

Study area ....................................................................................................................... 19

1.7

Organization of this dissertation ..................................................................................... 26

CHAPTER 2: Measuring the dead component of mixed grassland with Landsat imagery .......... 28
2.1

Preface ............................................................................................................................ 28

2.2

Abstract ........................................................................................................................... 29

2.3

Introduction .................................................................................................................... 30

v

2.3.1 Remnant prairie and prairie conservation actions ....................................................... 30
2.3.2 Ecological functions of the dead component .............................................................. 30
2.3.3 Evaluation of dead component by RS approach ......................................................... 32
2.4

Datasets ........................................................................................................................... 33

2.4.1 Field data ..................................................................................................................... 33
2.4.2 Remotely sensed images ............................................................................................. 35
2.5

Methods .......................................................................................................................... 36

2.5.1 Average NDVI if dead cover equals to a constant i.................................................... 38
2.5.2 Segmented linear regression in R ............................................................................... 38
2.5.3 Linear spectral mixture analysis ................................................................................. 39
2.5.4 Linear regression and correlation test ......................................................................... 40
2.6

Results ............................................................................................................................ 41

2.6.1 The relationship between NDVI and dead cover ........................................................ 41
2.6.2 Influence of dead cover on the relationship between total biomass and NDVI.......... 43
2.6.3 The mixed spectrum of bare soil, dead material and green grass ............................... 44
2.6.4 The simulated relationship between NDVI and dead cover ....................................... 46
2.6.5 Dead cover estimation................................................................................................. 47
2.7

Discussion ....................................................................................................................... 49

2.7.1 Dead cover estimation by RS approach ...................................................................... 49
2.7.2 Effects of dead component on total biomass evaluation ............................................. 53
2.7.3 Large amount of dead material ---- the result of long term conservation ................... 53
2.8

Conclusions .................................................................................................................... 54

CHAPTER 3: Evaluating the impacts of nearly 30 years of conservation on grassland ecosystem
using Landsat TM images ............................................................................................................. 55
vi

3.1

Preface ............................................................................................................................ 55

3.2

Abstract ........................................................................................................................... 56

3.3

Introduction .................................................................................................................... 57

3.3.1 Grassland ecosystems and grassland degradation ....................................................... 57
3.3.2 The impacts of grassland conservation ....................................................................... 58
3.3.3 RS approaches ............................................................................................................. 59
3.4

Database.......................................................................................................................... 61

3.4.1 Field data ..................................................................................................................... 61
3.4.2 Remotely sensed images ............................................................................................. 63
3.5

Methods .......................................................................................................................... 64

3.5.1 The difference between ecological comparison sites .................................................. 66
3.5.2 Correlation test, normalizing two ΔTM bands, and linear regression in R software .. 67
3.5.3 Temporal analysis in R software ................................................................................. 67
3.6

Results ............................................................................................................................ 68

3.6.1 The difference in biophysical parameters between the ecological comparison sites.. 68
3.6.2 The temporal dynamic of biophysical parameters ...................................................... 71
3.7

Discussion ....................................................................................................................... 79

3.7.1 Δbiophysical parameters and ΔTM bands .................................................................. 79
3.7.2 The interactions between biophysical parameters ...................................................... 81
3.7.3 The impacts of grassland conservation on grasslands ................................................ 82
3.7.4 The impacts of re-introducing grazing on grasslands ................................................. 82
3.7.5 The impacts of conservation actions on native grasslands and cultivated lands ........ 83
3.8

Conclusions .................................................................................................................... 84

CHAPTER 4: A study of soil line simulation from landsat images in mixed grassland .............. 86
vii

4.1

Preface ............................................................................................................................ 86

4.2

Abstract ........................................................................................................................... 86

4.3

Introduction .................................................................................................................... 87

4.4

Materials ......................................................................................................................... 89

4.4.1 Field data ..................................................................................................................... 89
4.4.2 Satellite images ........................................................................................................... 90
4.5

Methods .......................................................................................................................... 91

4.5.1 Linear regression of a set of (R, NIRmin) .................................................................. 93
4.5.2 Quantile regression ..................................................................................................... 94
4.5.3 Vegetation phenological stages ................................................................................... 95
4.5.4 Validation of soil line.................................................................................................. 96
4.6

Results and discussion .................................................................................................... 97

4.6.1 Cloud effect on soil line extraction by two methods .................................................. 97
4.6.2 Soil line extracted by the two methods ....................................................................... 97
4.6.3 Relatively better time period for extracting soil line ................................................ 102
4.6.4 Comparison of soil line extracted from images with soil line extracted from field work
................................................................................................................................... 106
4.7

Conclusions .................................................................................................................. 109

CHAPTER 5: Quantifying the influences of grazing, climate and their interaction on grassland
ecosystem .................................................................................................................................... 110
5.1

Abstract ......................................................................................................................... 110

5.2

Introduction .................................................................................................................. 111

5.3

Materials and methods .................................................................................................. 112

5.3.1 Datasets ..................................................................................................................... 112
viii

5.3.2 Methods..................................................................................................................... 114
5.4

Results .......................................................................................................................... 118

5.4.1 The ability of ATSAVI to measure grassland greenness .......................................... 118
5.4.2 The effects of temperature, precipitation, grazing intensity and their interaction .... 119
5.5

Discussion ..................................................................................................................... 120

5.6

Conclusion .................................................................................................................... 124

CHAPTER 6: Summary and conclusions ................................................................................... 125
6.1

General conclusions ...................................................................................................... 125

6.2

Research contributions ................................................................................................. 126

6.3

Limitations .................................................................................................................... 127

6.4

Future research ............................................................................................................. 127

REFERENCES ............................................................................................................................ 130
APPENDIX A ............................................................................................................................. 159
APPENDIX B ............................................................................................................................. 162
APPENDIX C: Quadrat structure in each plot ............................................................................ 167
APPENDIX D: field data form ................................................................................................... 168
APPENDIX E: Supplement results for chapter 5........................................................................ 169

ix

LIST OF TABLES
Table 1-1 The application of RS in monitoring grassland conditions............................................ 12
Table 1-2 Strength and limitations of three RHA methods ............................................................ 13
Table 1-3 Ecosystem health assessment using RS ......................................................................... 15
Table 2-1 Acquisition dates of Landsat images ............................................................................. 36
Table 2-2 Indices used in this study ............................................................................................... 41
Table 3-1 The description of five ecological comparison sites ...................................................... 62
Table 3-2 Description of field data ................................................................................................ 63
Table 4-1 Acquisition dates and cloud cover of Landsat TM images ............................................ 91
Table 4-2 Vegetation indices based on soil line parameters and NDVI ........................................ 96
Table 4-3 Slope and intercept of extracted soil lines by the two methods ................................... 102
Table 4-4 Correlation coefficients (r) of the indices based on the extracted soil lines with green
biomass and cover ........................................................................................................................ 105
Table 5-1 Descriptive statistics of field measured LAI in 2007 .................................................. 114
Table 5-2 Vegetation indices proposed in this analysis ............................................................... 116
Table 5-3 Calculation for the effects of precipitation and temperature ....................................... 117
Table 5-4 Ability of each variable and their interactions to explain variations in greenness (a) . 120
Table 5-5 Spatial autocorrelation of ATSAVI for all pastures .................................................... 123
Table E-1 Ability of each variable and their interactions to explain variations in greenness (b) 170

x

LIST OF FIGURES
Figure 1-1 The importance of grassland management ..................................................................... 4
Figure 1-2 The intensity of disturbance and biodiversity ................................................................ 6
Figure 1-3 Spectra of mixed grasslands, tall grass prairie and forest .............................................. 8
Figure 1-4 The four main types of grasslands in mixed prairies ...................................................... 9
Figure 1-5 The spectra of the four main types of grasslands in mixed prairies ............................. 10
Figure 1-6 Publications about grazing and conservation management using RS .......................... 17
Figure 1-7 Summary of research gaps in the literature .................................................................. 18
Figure 1-8 Topography of the study area ....................................................................................... 22
Figure 1-9 Vegetation types of the study area................................................................................ 23
Figure 1-10 Soil types of the study area ......................................................................................... 24
Figure 1-11 Flowchart of the structure and organization of this dissertation ................................ 27
Figure 2-1 Sample sites and transects for the estimation of dead material .................................... 35
Figure 2-2 Methodology flowchart ................................................................................................ 37
Figure 2-3 The relationship between NDVI and dead cover ......................................................... 42
Figure 2-4 Change point of combined dataset of 2003, 2004, 2005 .............................................. 43
Figure 2-5 Relationship between total biomass and dead cover or image NDVI .......................... 44
Figure 2-6 The simulated spectral of grassland by mixed spectrum of bare soil, dead material and
green grass ...................................................................................................................................... 45
Figure 2-7 The simulated spectral of grassland by mixed spectrum of dead material and green grass
........................................................................................................................................................ 46
Figure 2-8 The relationship between simulated NDVI and dead cover ......................................... 47
Figure 2-9 Relationship between dead cover and NBR ................................................................. 48

xi

Figure 2-10 Relationship between dead cover and NDWI ............................................................ 49
Figure 3-1 The changes of the west block in GNP appeared on Landsat images (RGB: NIR, Red,
Green) over 30 years. ..................................................................................................................... 60
Figure 3-2 Ecological comparison sites in the west block of GNP ................................................ 61
Figure 3-3 Flowchart of methodology of this study ....................................................................... 65
Figure 3-4 The relationship between Δbiophysical parameters and ΔTM bands .......................... 70
Figure 3-5 Temporal change of biodiversity difference between five pair of grazing and conserved
sites ................................................................................................................................................. 74
Figure 3-6 Temporal change of soil organic matter difference between five pair of grazing and
conserved sites................................................................................................................................ 75
Figure 3-7 Temporal change of fresh biomass difference between five pair of grazing and
conserved sites................................................................................................................................ 76
Figure 3-8 Temporal change of litter cover difference between five pair of grazing and conserved
sites ................................................................................................................................................. 77
Figure 3-9 Temporal change of green cover difference between five pair of grazing and conserved
sites ................................................................................................................................................. 78
Figure 4-1 Sample sites for soil line estimation in the west block of GNP ....................................... 90
Figure 4-2 Images with cloud cover for soil line extraction (before and after removing cloud) ... 92
Figure 4-3 Linear regression of a set of (R, NIRmin) from a Landsat image .................................. 93
Figure 4-4 Quantile regression of a set of R and NIR reflectance from a Landsat image ............... 95
Figure 4-5 Comparison of soil lines extracted from original TM images and cloud masked images
........................................................................................................................................................ 98
Figure 4-6 Soil lines by the two methods in the grass green up period (late-April to mid-May) .. 99
Figure 4-7 Soil lines by the two methods near the grass mature period ...................................... 100
xii

Figure 4-8 Soil lines by the two methods in the early senescence period .................................... 100
Figure 4-9 Soil line extracted from images with two methods and the soil line from field work 106
Figure 4-10 Comparison of bare soil reflectance and dead material reflectance ......................... 107
Figure 5-1 Grazing experiment in the east block of GNP ............................................................ 113
Figure 5-2 The flowchart of methodology ................................................................................... 115
Figure 5-3 The relationship between LAI and ATSAVI.............................................................. 119
Figure 5-4 Temporal autocorrelation of mean ATSAVI for each pasture ................................... 124
Figure C-1 Quadrat design in each plot for the field work .......................................................... 167
Figure E-1 Weather stations near GNP, Saskatchewan, Canada ................................................. 169

xiii

LIST OF ABBREVIATIONS
AAFC

Agriculture and Agri-Food Canada

ANOVA

Analysis Of Variance

ANPP

Aboveground Net Primary Productivity

ASTER

Advanced Spaceborne Thermal Emission and Reflection Radiometer

ATSAVI

Adjusted Transformed Soil-Adjusted Vegetation Index

AVHRR

Advanced Very High-Resolution Radiometer

CAI

Cellulose Absorption Index

DFI

Dead Fuel Index

EHA

Ecosystem Health Assessment

EVI

Enhanced Vegetation Index

GDEM

Global Digital Elevation Model

GHA

Grassland Health Assessment

GIS

Geographic Information System

GNP

Grasslands National Park

IIRH

Interpreting Indicators of Rangeland Health

LAI

Leaf Area Index

Landsat TM

Landsat Thematic Mapper

LFA

Landscape Function Analysis

xiv

MOD13Q1

MODIS Vegetation Indices with 16-Day 250m Product

MODIS

Moderate Resolution Image Spectroradiometer

MSS

Landsat Multi-Spectral Scanner

NBR

Normalized Burn Ratio

NDSVI

Normalized Difference Senescent Vegetation Index

NDVI

Normalized Difference Vegetation Index

NDWI

Normalized Difference Water Index

NIR

Near-Infrared Band

NIRmin

Minimum Reflectance of Near-Infrared Band

NPV

Non-Photosynthetic Vegetation

O

Organization

PCAP

Prairie Conservation Action Plan

PVI

Perpendicular Vegetation Index

R

Resilience

R Band

Red Band

RHA

Rangeland Health Assessment

RS

Remote Sensing

SAVI

Soil-Adjusted Vegetation Index

SWIR1

First Shortwave Infrared Band

xv

SWIR2

Second Shortwave Infrared Band

TM1

First Band of Landsat TM Image (Blue Band)

TM2

Second Band of Landsat TM Image (Green Band)

TM3

Third Band of Landsat TM Image (Red Band)

TM4

Forth Band of Landsat TM Image (Near-Infrared Band)

TM5

Fifth Band of Landsat TM Image (First Shortwave Infrared Band)

TM6

Sixth Band of Landsat TM Image (Thermal Band)

TM7

Seventh Band of Landsat TM Image (Second Shortwave Infrared Band)

TSAVI

Transformed Soil Adjusted Vegetation Index

USGS

United States Geological Survey

UTM

Universal Transverse Mercator

V

Vigor

WWFC

World Wildlife Fund Canada

xvi

CHAPTER 1: GENERAL INTRODUCTION

1.1

Preface
This chapter includes the general background of grassland management, different

management methods and the importance of grassland management, summary of the literature
review in the field of Remote Sensing (RS) application for monitoring grassland response to
management. This chapter also summaries the research gaps from previous studies and proposes
the research hypothesis and objectives. In addition, this chapter outlines the structure of this
dissertation. Section 1.4.2 was published as the following review paper:
Xu D., X. Guo (2015) Some insights on grassland health assessment based on remote
sensing. Sensors, 15(2): 3070-3089, doi:10.3390/s150203070.
The initial idea of this manuscript came from the discussion between me and Dr. Xulin
Guo. I reviewed the literature in the field of grassland remote sensing and wrote this review
manuscript. Dr. Xulin Guo supervised the process and revised the manuscript. The authors hold
the copyright because it was published with open access publishing (MDPI – Open Access
Publishing).
1.2

Introduction
Grassland ecosystems contain precious natural resources, having as high an economic value

as that of agricultural and forest ecosystems, thanks to the wide range of potential ecosystem
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services they can provide. These include provisioning services (food provision), regulating services
(climate regulation, invasive regulation, erosion regulation, water flow regulation and waste
treatment), and cultural and amenity services (recreation and tourism) (Hönigová et al. 2012).
Grassland management has a history nearly as old as that of the human race itself, with the evidence
of it going back around 5000 years, due to the plentiful resources acquired through its practice. As
the human population has exponentially increased over the last hundred years, the demand upon
grasslands to produce is growing rapidly (Chapin III and Matson 2011), Thus making appropriate
grassland management ever more necessary.
The current definition of grassland management in the literature is not clearly delineated,
but the general concept stems from resources and ecosystem management. Early grassland
management was an extension of resource management in which natural vegetation is managed to
maximum human benefits (goods and services, Grumbine 1994). As the practice was developed,
concern grew for overgrazing and grassland degradation, which led the concept of sustainability
being integrated with grassland management (Walters and Hilborn 1978). Hein (2010) defined
sustainable ecosystem management as “management that maintains the capacity of the ecosystem
to provide future generation with the amount and type of ecosystem services at a level at least equal
to the current capacity”, and is an inter-disciplinary concept that includes addressing ecosystem
condition (including biodiversity and productivity) and sustainable human needs (Szaro, Sexton,
and Malone 1998). Brussard, Reed, and Tracy (1998) used the concept of scales to further aid the
pursuit of sustainable ecosystem management. The scale issue is often an issue for grassland
management. The interaction between human and grassland ecosystems forms different spatial and
temporal scales. For example, grazing causes different patchiness in grasslands. More importantly,
grasslands are heterogeneous system, which requires to vary management policies spatially and
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temporally. Therefore, drawing upon all of these different aspects, our definition of grassland
management is “to maintain grassland health condition in various scales with the purpose of
sustainably supplying various grassland services based on current condition.”
Grassland management is closely involved with grassland condition and ecosystem services
(Figure 1-1) acting as a bridge between them. Its primary objective is to ensure that grasslands
sustainably provide ecosystem services in good or improved conditions. Different grassland
services also requires different methods of management. Grazing management is needed for
livestock provision (food provision), while biodiversity conservation becomes the focus to protect
the variety of species with maintaining aesthetic landscapes for recreation and tourism at the same
time. Another important element of grassland management is to maintain desirable grassland
conditions and ecosystem attributes, which in turn determines management policies to some extent.
Grazing management (Biondini, Patton, and Nyren 1998; Hamed et al. 2015; Kawamura et al.
2005; Numata et al. 2007) or conservation actions (Booth and Tueller 2003; Donahue 1999) often
apply to healthy grasslands to ensure provisioning and amenity services (e.g. tourism in national
parks), disturbed grasslands require methods of improvement, such as bush control (Chopping et
al. 2008), fencing (Boone and Hobbs 2004; Wu et al. 2009), and introducing species (Allen et al.
2015), while rehabilitation (Bai et al. 2008; Pickup and Chewings 1994a) is implemented in
degraded grasslands.
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Figure 1-1 The importance of grassland management
1.3

Grazing management and conservation actions
From the perspective of grassland services, there are two main approaches of grassland

management: grazing management and conservation. Grazing management seeks to sustainably
maximized food provision, such as forage for livestock, through the manipulation of livestock
grazing patterns and the maintenance of grasslands’ health condition (Hodgson 1990; Vallentine
2000).
The purpose of conservation is to protect native and endangered species, conserve
biodiversity and maintain the natural status under the resilience of grassland ecosystems (Bailey et
al. 2010; Samson and Knopf 1994). Specifically, conservation is comprised of three fields: wildlife
conservation, biodiversity conservation and natural resource conservation. In late 1980s, World
Wildlife Fund Canada (WWFC) proposed the Prairie Conservation Action Plan (PCAP) of 19891994 to protect the habitat of wildlife and endangered species (Samson and Knopf 1996). The
subject of wildlife conservation aroused the attention of scientists as well. For example, Ceballos,
Mellink, and Hanebury (1993) assessed the effects of conservation for prairie dogs and their
habitats. From the early 1990s, biodiversity became a worldwide focus of conservation
4

management (Samson and Knopf 1994). Natural resource conservation refers to restraint in the use
of natural resources in order to restore, protect and maintain grassland ecosystems (Gadgil, Berkes,
and Folke 1993). Grassland rehabilitation is also one type of conservation actions aimed at
restoring degraded grasslands (Bailey et al. 2010). More importantly, it has aroused the attention
of grassland managers and researchers with increasing national parks (e.g. the study area in this
dissertation) and reserves (Suich, Child, and Spenceley 2012), because conservation actions help
grasslands continue providing culture and amenity services.
According to the well-known ecological concept about the role of disturbance in changing
biodiversity (Figure 1-2), adjusting the intensity of disturbance achieves the goal of conservation
actions. In the 1980s, during the early stages of conservation in the Canadian prairies, livestock
were completely removed from the reserves and national parks (Donahue, 1999, Booth and Tueller,
2003) because there was major pressure from overgrazing in the remaining mixed grasslands
(Samson and Knopf 1994). Light grazing (Smith et al. 1996; Gibson, Watt, and Brown 1987;
Woodcock et al. 2005) and prescribed fires (Roy et al. 2014) are other types of conservation
management in grasslands that adjust the intensity of disturbance to achieve optimum levels for
maximum biodiversity. The main emphasis of this study is conservation including conservation
with grazing management used to conserve or maintain grasslands.
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Figure 1-2 The intensity of disturbance and biodiversity
Note: pressure in grasslands includes overgrazing, drought, fire with high intensity and
reclamation
1.4

Application of optical RS in grassland management

1.4.1 Theory
RS is defined as “the science (and to some extent, art) of acquiring information about the
Earth’s surface without actually being in contact with it. This is done by sensing and recording
reflected or emitted energy and processing, analyzing, and applying that information” (Joseph
2005) and its function is to collect the reflectance (optical images), emission (thermal images) and
backscatter (Radar images) of Earth’s surface targets. With optical RS, solar energy reaches the
Earth’s surface after interacting with the atmosphere. Part of the energy which reaches Earth
surface is absorbed by the surface target, another small portion of the energy is scattered by the
target and the rest of the energy is reflected back to sensors on the platforms (satellites and
airplanes) after interacting a second time with the atmosphere. The reason why RS can be used to
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monitor the status and condition of the Earth’s surface is because various targets each has a unique
reflectance, or spectral signal, across the range of solar energy’s wavelength. As an example, green
plants have a high absorption (low reflectance) in the red band region (around 670 nm) and high
reflectance in the near-infrared band region (around 800 nm). This characteristic of green
vegetation’s spectral signal is a well-known phenomenon called red edge (Filella and Penuelas
1994). A lot of vegetation indices were designed to extract the information of green vegetation
based on this characteristic. Because of the unique nature of this spectral signal, it is easy to
distinguish, extract and classify information from land surface targets dominated by green
vegetation (e.g. grassland or forest) from other types (e.g. river, lake, snow or desert).
Even though the types of land surface all contain a large portion of green vegetation (e.g.
mixed grasslands, tall grass prairie and forest), their spectral signals still can be distinguished
(Figure 1-3). Forest, with the largest green biomass among these three types (Figure 1-3), has the
highest reflectance in the near-infrared region. Mixed Prairie, with a large portion of litter, has the
highest reflectance in the red region and the lowest reflectance in the near-infrared region among
these three types (Figure 1-3).
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Figure 1-3 Spectra of mixed grasslands, tall grass prairie and forest
Note: spectral data was collected by Guo et al. (2005) over Kansas Tallgrass Prairie and
Grasslands National Park (GNP).
Different types of grasslands (Figure 1-4, more description of the four types of grassland is
in section 1.6 study area in this dissertation) also have different spectral characteristics (Figure 15), which allows RS approaches to monitor different features in grasslands. The advantage of
applying RS in grasslands is to monitor the status of grassland conditions while simultaneously
acquiring the date of the images. More importantly, the dynamics of grassland conditions can be
monitored with RS images collected within a specific time period. RS has the potential to monitor
grassland response to management with various spatial and temporal scales because the impact or
8

efficiency of management is reflected by the change of grassland conditions (Figure 1-1) which
can be monitored, measured and mapped by RS approaches.

Figure 1-4 The four main types of grasslands in mixed prairies
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Figure 1-5 The spectra of the four main types of grasslands in mixed prairies
1.4.2 Approaches and applications
After the first Landsat satellite was launched in 1972, satellite images were available for
ecological researchers (Cohen and Goward 2004). The application of RS techniques in monitoring
grassland status and conditions has a history from 1980s (Prince and Tucker 1986; Tucker et al.
1985). A quantity of studies integrated grassland monitoring (including monitoring vegetation,
animal, soil and environment) and RS (Table 1-1). Among all the studies (1057 studies from 1984
to 2015, searched from Web of Science), 70% studies in the field of grassland monitoring using
RS focused on vegetation communities, 29% were in the grazers and wildlife, 30% were in soil
and 25% were in environment conditions (Table 1-1). Among five countries which hold the largest
areas of grasslands, 14.1% studies in the field of grassland monitoring with RS were for grasslands
in Australia, 4.3% for grasslands in Russia, 29.3% for grasslands in China, 38% for grasslands in
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America and 14.3% for grasslands in Canada. These large scale grassland monitoring studies
illustrate different aspects of grassland monitoring by RS technology.
Another way to monitor grassland response to management is using comprehensive
indicator system, named grassland health assessment (GHA). In the literature, rangeland health
assessment (RHA) and ecosystem health assessment (EHA) are the two applicable methods for
GHA, and the approach of RS started to be used to evaluate ecosystem health until the EHA came
to a stage of quantitative assessment.
The concept, framework and methodology of RHA are good application on evaluation of
grassland health condition. The methodology of RHA mainly has three directions. The first one is
using key species, including wildlife (Clements and Young 1997; Krogh et al. 2002), vegetation
and soil crust (Rosentreter and Eldridge 2004), as the indicators of RHA, which only provides the
general sense of rangeland health condition. The second one is selecting the vegetation level or soil
level to monitor rangeland health (Milton, Dean, and Ellis 1998; Meurisse 1999; de Soyza et al.
2000). For this concept of RHA, the wildlife, climate condition, organization and resilience of
grassland ecosystem were not under consideration. The third one is a comprehensive modeling
based on rangeland structure and functions (Breckenridge, Kepner, and Mouat 1995; Whitford et
al. 1998; Ludwig et al. 2007), because rangeland health research has paid more attention to how
efficiently rangeland could maintain the structure and functions for grazing (Adams et al. 2005).
Among all the research of the third direction of RHA, three main methods, interpreting indicators
of rangeland health (IIRH) landscape function analysis (LFA), and RHA by University of Alberta
were used to monitor rangeland health condition (Forouzeh and Sharafatmandrad 2012; Gibson
2009, Table 1-2; Adams et al. 2005).
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Table 1-1 The application of RS in monitoring grassland conditions

Vegetation
community
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Grazer and
wildlife

Soil

Grassland productivity evaluation (Brinkmann et al. 2011; Wu 2012; Gu, Wylie, and Bliss 2013; Tucker et al. 1985;
Prince 1991; Seaquist, Olsson, and Ardö2003)
Grassland degradation (Sternberg et al. 2011; Wang et al. 2010; Bastin, Pickup, and Pearce 1995; Pickup and
Chewings 1994b)
Grassland classification (Wen et al. 2010; Cui et al. 2012)
Grassland reclamations (Qin et al. 2004; Huang, Wang, and Zhang 2012)
Vegetation dynamics (Piwowar, Peddle, and Sauchyn 2006; Ouyang et al. 2012; Li, Huffman, et al. 2013; Hobbs 1990)
Canopy or vegetation cover (Mirik and Ansley 2012; Dymond et al. 1992)
Grassland carbon flux and storage (Paruelo et al. 2010; Guo, Black, and He 2011; Propastin et al. 2012; Gu et al. 2012)
Species invasion in grassland (Naito and Cairns 2011; Mohamed et al. 2011; Ishii and Washitani 2013)
C3 and C4 grasses distribution (Guan et al. 2012; Davidson and Csillag 2003; Tieszen et al. 1997; Foody and Dash
2007)
Grassland management impacts (Leisher et al. 2012)
Grassland response to disturbance or stress (human activities (Xu, Gao, Wan, Li, Qin, et al. 2010), grazing (Yang, Guo,
and Fitzsimmons 2012), fire (Wessman, Bateson, and Benning 1997), climate change (Xu, Gao, Wan, Li, Jiangcun, et
al. 2010; Cabello et al. 2012))
Livestock carrying capacity (Yu et al. 2010; Wang and Yang 2012a)
Grazing intensity monitoring (Feng and Zhao 2011; Yang, Guo, and Fitzsimmons 2012)
Habitat mapping (Erasmi, Riembauer, and Westphal 2013)
Population decline of wildlife (Avila-Flores et al. 2012)
Soil erosion and soil conservation (Wang and Yang 2012b)
Soil organic carbon (Ballabio, Fava, and Rosenmund 2012)
Soil moisture (Rebel et al. 2012; Santos et al. 2014)
Soil crust (O'neill 1994)

Environment
condition

Evapotranspiration monitoring (Ryu et al. 2012; Chen et al. 2012)
Groundwater level estimation (Kaiser et al. 2012)

Table 1-2 Strength and limitations of three RHA methods
RHA methods
IIRH (Duniway
et al. 2010; Pyke
et al. 2002;
Miller 2008;
Pellant et al.
2000)

LFA (Kwok,
Eldridge, and
Oliver 2011;
Ludwig et al.
2000; Tongway
and Hindley
2004)

Indicators

Strengths

Limitations

soil/site stability

It is a comprehensive
RHA system
considering plant
community, soil
property and biotic
environment using 17
secondary indicators.

It is rangeland
function and
structure orientated

hydrological function

integrity of biotic
community

landscape organization
(e.g. patches and interpatches)

soil surface (e.g.
perennial vegetation
cover, litter, crust
brokenness, soil erosion
and surface roughness)

It is an innovation
direction for rangeland
functioning (e.g. runoff)
assessment based on
grass patches and interpatches.

It is a ranking
assessment instead of
quantitative
assessment.
It mainly focuses on
landscape
functioning, lacking
of estimation for
plant community,
ecosystem
connections and
resilience.
It is a ranking
assessment instead of
quantitative
assessment.

integrity and ecological
status
RHA by
University of
Alberta (Adams
et al. 2005)

community structure
hydrological function
and nutrient cycling

It integrates ecological
status, rangeland
structure and functions
for health assessment

It is a ranking
assessment instead of
quantitative
assessment.

site stability
Noxious species

All these three RHA systems are mainly functions and structure orientated assessment
systems. However, most of the grassland ecosystems are human dominated ecosystems and human
activities have altered the ecosystem structure (Rapport, Costanza, and McMichael 1998). In
addition, the three methods are all ranking based, instead of quantitative assessment. Ranking is
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affected by different peoples’ observations, making consistent spatial or temporal assessments’
difficult. The difficulty in evaluating the spatial variation of rangeland health at spatial scales (e.g.
regional or pixel scale) is another disadvantage of RHA.
Early research of EHA includes using keystone species (lichen or some animals) as
indicators of ecosystem health (Rai, Upreti, and Gupta 2012; Machange, Jenkins, and Navarro
2005; Krogh et al. 2002; Whitford et al. 2002), emphasizing specific aspects of ecosystem health
(e.g. diversity-abundance relationship (Belaoussoff and Kevan 1998), resilience (Whitford,
Rapport, and deSoyza 1999a) or energy flow (Zhang, Gurkan, and Jorgensen 2010)), and ranking
current ecosystem health by comparing current ecological status with the reference status (Jensen
et al. 2000; Eve, Whitford, and Havstadt 1999). EHA came to the stage of quantitive assessment
and has been widely used since Costanza, Norton, and Haskell (1992) developed an overall
ecosystem health index, HI = V*O*R., where “Vigor (V) means the primary production of
ecosystem; organization (O) not only means biodiversity but also the numbers of interaction among
ecosystem components; resilience (R) means the capacity of the system to maintain its function
and structure while under stress” (Rapport, Costanza, and McMichael 1998; Lu and Li 2003). RS
technologies bring EHA based on Costanza’s concept into a new stage of quantitive assessment
(Patil and Myers 1999; Rapport 1999). However, three ecosystem health indicators (vigor,
organization and resilience) were weakly estimated in the literature (Table 1-3), even with the help
of RS which benefits large scale monitoring and temporal change detection to EHA.
Normalized Difference Vegetation Index (NDVI) was commonly used for evaluating
“Vigor” which can be evaluated by ecosystem productivity. NDVI has been used to measure net
primary productivity by empirical or physical models (Paruelo et al. 1997; Cramer et al. 1999;
Running 1990). However, NDVI represents the amount of green vegetation, including forage,
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weed, shrub and so on, a high NDVI doesn’t exactly mean high grassland primary productivity
because of the influence of weeds and noxious grass. “Organization” was usually measured by
diversity (biodiversity or landscape diversity) or vegetation coverage. Previous studies evaluated
diversity to present “Organization”, but failed to address the interactions between ecosystem
components.
Table 1-3 Ecosystem health assessment using RS
Previous studies
Chen and Wang (2005)

Ecosystem health indicators
Vigor
Pressure
Resilience
Vigor

Suo et al. (2008)

Organization

Resilience
Vigor
Chen et al. (2010)

Organization
Resilience

Vigor
Li, Dong, et al. (2013)
Organization
Resilience

Secondary indicators
Annual max NDVI
Actual number of livestock
The ratio of NDVI max to min
NDVI
Erosion modulus
Depth of runoff
Landscape diversity
Uniform of erosion
Uniform of runoff
Landscape richness
Variation of erosion
Variation of runoff
Annual average NDVI
Vegetation cover
Vegetation centroid movement
Slope
Aboveground biomass
Photosynthetic rate
Organic matter
Bulk density
Biodiversity
Primary species proportion
Vegetation cover
Grazing capacity

The assessment of “Resilience” varied from different studies, including variation of
different factors, pressure of ecosystem (e.g. grazing), or limitation factors (e.g. slope). Commonly,
grazing pressure (e.g. livestock capacity, number of livestock) was used to evaluate “Resilience”.
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Evidence shows that grazing pressure changes ecosystem resilience. Whitford, Rapport, and
deSoyza (1999b) tested the resistance and resilience of stressed and relatively unstressed
ecosystems to drought by the survivorship of the perennial species in the Chihuahuan desert
grassland, and the results show that the less stressed ecosystem has higher resistance to drought
than heavily stressed ecosystem. Previous pressure influenced current ecosystem status, and current
pressure may affect future ecosystem state. However, resilience cannot be replaced by current
pressure, instead, resilience means an ecosystem’s ability to remain its key attributes when state
and return back to the original state when ecosystem is under stress (Ludwig et al. 2001).
The issue of spatial scale is often an issue for the application of RS on grassland monitoring.
Human activities and physical processes cause the variations of grassland ecosystems in specific
temporal and spatial scales (Bradley and Millington 2006). Therefore, various scales in grasslands
have a large impact on modeling of grassland monitoring. Different grassland biophysical
parameters require different scales to capture their spatial or temporal variation (He, Guo, and Si
2007; He et al. 2006), which is because the determinant factors of biophysical parameters are in
different spatial scales and even the interactions of different determinant factors cause new scales.
It requires the methodology of GHA including analyses of multiple spatial and temporal scales to
address the scale issue. RS is a multiscale approach for modeling and analysis (Marceau and Hay
1999), which can be used for monitoring grassland process with different spatial scale depending
on the spatial scale of RS images. However, grassland variations in specific temporal and spatial
scales caused by human activities, physical process and interactions among different determinant
factors may not be explained by the temporal and spatial resolutions of current RS system (Bradley
and Millington 2006). Hence, it is still a challenge to find suitable scale (both temporal and spatial
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scales) thresholds for GHA modeling indicators, the interaction among indicators and the entire
comprehensive model.
1.4.3 Application of RS for grazing and conservation management
In the last ten years, the scientific publications regarding grazing and conservation
management using RS generally increased for grassland ecosystems (Figure 1-6). The number of
scientific publications in the field of grazing management using RS approaches is about 3 times
more than that of conservation actions using RS techniques in grasslands (Figure 1-6). Refer to the
introduction sections of Chapter 2, 3 & 5 in this dissertation for more literature about the
application of RS approaches for grazing management and grassland conservation.

Figure 1-6 Publications about grazing and conservation management using RS
Note: publications was searched in the database of “Web of Science” from 2004 to 2015
1.4.4 Summary and research gaps
Plenty of previous research has been done on the grazing management using RS and most
of them discuss the interaction between grazing intensity and climate variations; few studies,
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however, quantify the interaction between them (Gap 1, Figure 1-7). Almost no research discusses
the efficiency of grazing management as a method of conservation simply because it is not widely
used and has long lag effects (Gap 2, Figure 1-7). It is also a very challenging to evaluate
biodiversity in grassland ecosystems through RS. In the literature, few studies applied has RS for
grassland conservation because it also suffers from long lag effects on grasslands and the great
challenges to applying RS in conserved grasslands (Gap 3, Figure 1-7). One of these challenges is
estimating dead material in conserved grasslands (Gap 4, Figure 1-7).

Figure 1-7 Summary of research gaps in the literature
1.5

Research hypothesis and objectives
The general research hypothesis guiding this dissertation is that grassland response to

grassland management can be monitored and measured via optical RS approaches.
More specifically:
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 The application of optical RS can overcome the challenge of monitoring and measuring the
accumulation of dead material spatially in grassland ecosystem.
 Optical RS images with sufficient time series information can be used to evaluate the
efficiency of grassland management in long term.
 The interactions between grassland management and climate variations can be quantified
using optical RS.
The overall objective of this research is to monitor and measure grassland response to
grassland management. To achieve this purpose, more specific objectives are as follows:
 To estimate dead material accumulation which is the direct grassland response to
conservation actions using optical RS.
 To evaluate the impact of grassland conservation over long term period using optical RS.
 To quantify influences of grazing management and climate variations on grassland
ecosystems and their interactions.
1.6

Study area
The study area of this dissertation is Grasslands National Park (GNP) and the surrounding

pastures which fall in the Mixed Prairie Ecoregion (Black and Guo 2008), located in the southern
part of Saskatchewan. The study area includes the West Block with the extent from (49°13’ N,
107°44’ W) to (49° N, 107°10’ W) and the East Block with the extent from (49°12’ N, 106°50’
W) to (49° N, 106°30’ W) (Figure 1-8, the map shows the holding area of GNP in 2007). The West
Block and East block have an area of approximately 28414 and 24208 hectares respectively. The
annual mean temperature and annual cumulative precipitation in this region are 4.1 oC and 352.5
mm respectively (Canadian Climate Normals 1981-2010 Station Data, Val Marie). The highest
daily average temperature occurs in July and August (about 26.5 oC), and over 50% of the
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precipitation allocated in May, June and July inter-annually (Canadian Climate Normals 19812010 Station Data, Val Marie). GNP is a flat prairie area with a low variation in elevation. The
elevation for most of the area in GNP (about 88% of the total area) is from the range of 751 m to
900 m above the sea level (Figure 1-8).
Based on the field survey in 1993 (Figure 1-9, the map shows the actual holding area of
GNP in 1995), the main types of grassland communities of the study area are upland grassland
(34.9%), sloped grassland (18.6%) and valley grassland (17.4%, Figure 1-9). Eroded communities
(12.8%), shrub communities (8.9%), disturbed communities (6.6%) and tree communities (0.9%)
are other types of grassland communities in GNP including both West and East Blocks (Figure 19, data provided by GNP).
The uplands are dominated by the vegetation community mixed with spear grass (Stipa
comata), blue grama (Bouteloua gracilis) and western wheatgrass (Agropyron smithii), and the
vegetation community consisted by foxtail barley (Hordeum jubatum) and dock vegetation type
(Rumex sp.), which also includes other types of vegetation communities, such as western
wheatgrass – sedge vegetation type (Agropyron smithii – Carex sp.), and pasture sage (Artemesia
frigida). The three dominating vegetation communities in sloped grasslands are pasture sage –
spear grass – blue grama (Artemesia frigida – Stipa comata – Bouteloua gracilis), pasture Sage –
green needle grass – western wheatgrass (Artemesia frigida – Stipa Viridula – Agropyron smithii)
and creeping juniper – spear grass (Juniperus horizontalis – Stipa sp.). Sloped grasslands also
contain some shrub, disturbed and eroded vegetation communities, such as rose – buckbrush (Rose
sp. – Symphoricarpos occidentalis), russian wild rye (Elymus junceus), crested wheatgrass
(Agropyron pectiniforme), rose – winter fat (Rose sp. - Eurotia lanata), juniper – golden bean
(Juniperus sp. – Thermopsis rhombifolia) and moss phlox – rubberweed (Phlox hoodii –
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Hymenoxis richardsonii). Vegetation community of sagebrush – western wheatgrass – prickly pear
cactus (Artemesia sp. – Agropyron smithi – Opuntia

polycantha) and that of greasewood –

rillscale (Sarcobatus vermiculatus – Atriplex nuttallii) dominate in valley grasslands that also
includes alkali grass (Distichlis stricta) and rose – buckbrush (Rose sp. – Symphoricarpos
occidentalis).
In eroded communities, the vegetation types are mainly rose (Rose sp.), winter fat
vegetation (Rurotia lanata), juniper (Juniperus sp.), golden bean (Thermopsis rhombifolia), moss
phlox (Phlox hoodia) and rubberweed (Hymenoxis richardsonii), while those are crested
wheatgrass (Agropyron pectiniforme), smooth brome, alfalfa, annual weeds and annual crop in
disturbed communities (Figure 1-9). The shrub communities are dominated by rose (Rose sp.),
buckbrush (Symphoricarpos occidentalis), willow (Salix sp.) and thorny buffaloberry (Shepherdia
argentia).
The main soil types in GNP are solonetzic, chernozemic and regosolic soils, with the
coverage of 37.7%, 35.8% and 22.4% respectively (Figure 1-10, the map shows the holding area
of GNP in 2007) based on the detailed soil survey conducted by Agriculture and Agri-Food Canada
(AAFC) in 2013. The chernozemic soil is characterized by a dark color and high amount of organic
content (Fargey et al. 2000). Comparatively, solonetzic soils, with high salinity and lighter color,
are formed due to drought and high evaporation conditions. Regosolic soils with limited
development (the thickness is less than 5 cm) are associated with eroded vegetation communities,
due to severe soil erosion (Figure 1-9 & 1-10).
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Figure 1-8 Topography of the study area
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Figure 1-9 Vegetation types of the study area
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Figure 1-10 Soil types of the study area

GNP was first proposed to designate as a national park in 1981 and officially signed as the
national park in 1988. Almost 30 hectar of land was purchased in the proposed region of West
Block in GNP in 1985 (information provided by GNP). The East Block started to be acquired as
the area of the national park in 1990 and 1991. Until 2007, the total holding for GNP inlcuding
both West and East Block was over 52,000 hectares. Since the lands were purchases as park area,
local livestock and large herbivores started to be removed (Guo et al. 2004). Based on the original
land use before the lands were conserved, large portion of GNP were private rangeland, some were
improved pastures and a few were croplands.
As a result of long-term conservation, grasslands in GNP contain large amounts of nonphotosynthetic vegetation (NPV) residuals including standing dead materials and litter. In addition,
under low to medium vegetation cover, biological crusts were formed by the coverage of
microphytic communities of small non-vascular plants, mainly mosses and lichens. In the past
several years, Parks Canada has expressed concern about this high proportion of dead biomass
because it increases risk for fire and reduced biodiversity (Parks Canada). Prescribed fire and
grazing have been used as grassland restoration methods to reduce the fuel load, control the
invasive species (crested wheatgrass) and enhance the portion of native grass community (Parks
Canada). Therefore, park agencies decided to re-introduce plains bison to GNP from Elk Island
National Park in Alberta (Gazette 2007) in 2006, and from 2008, prescribed fire has been conducted
on 75 hectares per year for a five-year span (Parks Canada). Since 2008, GNP of Canada has
integrated grazing and fire management to protect the native species community because invasive
species are a threat to native vegetation communities (Wilsey, Barber, and Martin 2015).
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1.7

Organization of this dissertation
The structure of this thesis is based on a manuscript format and it is divided into six chapters

(Figure 1-11). Chapter 1 consists of the general introduction to grassland management and how
optical RS applies to it. The purpose of chapter 2 is to fulfill Objective l, which is to develop a
method to overcome the challenge of estimating dead material using optical RS. From the results
of Chapter 2, dead materials can be measured with optical remote sensing images with some
conditions, but not directly. Therefore, a methodology using optical RS which does not require to
estimate dead materials and other biophysical parameters directly from optical remote sensing
images is developed to achieve Objective 2 (Chapter 3), which is to monitor the efficiency and
optimum time period for conservation actions. In order to evaluate long-term effects of
management strategies with applying time series analysis to optical RS in long temporal and
detailed spatial scales, we also need to separate the effects of climate variations and grassland
management because climate variations has significant impact on grassland ecosystems in long
temporal scale (Chapter 5). Because each pixel of RS images contains the information not only
about green vegetation, but also dead materials, bare soil and soil crust from optical RS images in
grassland regions which are well-known as the issue of mixing pixels from optical RS, extracting
greenness or biomass (which has been used as the indicator of grassland response in Chapter 5)
from optical RS becomes a challenge. Chapter 4 discusses the method to overcome this challenge.
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Figure 1-11 Flowchart of the structure and organization of this dissertation
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CHAPTER 2: MEASURING THE DEAD COMPONENT OF MIXED
GRASSLAND WITH LANDSAT IMAGERY
2.1

Preface
The purpose of chapter 2 is to achieve objective 1 of estimating dead material which is the

direct grassland response to conservation actions using optical RS. This chapter presents the
method of evaluating dead material accumulation in long-term conserved grassland using
multispectral satellite image and field measured hyperspectral data. The results of this chapter have
been published as a research paper:
Xu D., X. Guo, Z. Li, X. Yang, H. Yin (2014) Measuring the dead component of mixed
grassland with Landsat Imagery. Remote Sensing of Environment, 142: 33-43,
doi:10.1016/j.rse.2013.11.017.
The initial idea of the relationship of total biomass and NDVI changes in different amount
of dead material was formed by Dr. Xulin Guo. I collected field data in 2013 and satellite images,
performed the data analysis and wrote the manuscript. Dr. Xulin Guo supervised the process of
data analysis and manuscript writing and provided the revising comments. Zhaoqin Li discussed
the ideas of estimation for dead material using RS with Dandan Xu and provided the revising
comments of the manuscript. Dr. Xiaohui Yang collected the field data in 2008. And Han Yin
discussed the statistic method of simulate the curve (Figure 2-3b) with me. The permission of
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reusing this published article was obtained from “Elsevier” by Dandan Xu on December 3rd, 2015
(Appendix A).
2.2

Abstract
Detecting non-photosynthetic materials challenges multispectral RS of vegetation. Dead

component of grasslands, including litter and standing dead material as the accumulated phytomass
of grassland productivity from previous years, is a primary connection in nutrient cycles in
grasslands, and also conserves soil moisture and redistributes the grassland surface temperature.
However, unlike green vegetation, it is hard to estimate the dead component with RS approaches
because the spectral signal of dead materials is similar to that of bare soil or soil crust (moss and
lichen), with the only difference in the shortwave infrared region near 2000nm. In the literature,
the Cellulose Absorption Index (CAI), an index based on hyperspectral imagery, is the most
popular index for assessing dead cover or dead biomass. However, hyperspectral imagery is still
not available for most grasslands worldwide. Therefore, a method to assess dead component using
multispectral band imagery (e.g. Landsat imagery in this study) is needed. GNP in the southern
part of Saskatchewan, Canada, has a large amount of accumulated dead vegetation because of long
term conservation actions, which makes it a good study area for this project. This study aims to
explore the relation between NDVI and dead cover, to investigate how different amounts of dead
material change the relation of total biomass and NDVI, and also to test the potential to estimate
dead cover using multispectral images. The results show that NDVI and dead cover have positive
relationship when dead cover is less than 20%, no correlation when dead cover is between 20-80%,
and significant negative relation when dead cover is more than 80%; further, the relation of total
biomass and NDVI also changes with the same thresholds. The results also indicate that the dead
component can be estimated with multispectral images using Normalized Burn Ratio (NBR) or
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Normalized Difference water index (NDWI), but the relationships are highly influenced by bare
soil and soil crust.
2.3

Introduction

2.3.1 Remnant prairie and prairie conservation actions
Grassland ecosystems, characterized by high amounts of carbon stock, are one of the main
terrestrial ecosystems besides forest, tundra, and cropland ecosystems, which provide multiple
habits for wildlife (Zhang and Guo 2007). Globally, all the continents except Antarctica have
grassland ecosystems (White et al. 2000) which cover 31-43% of earth’s surface (Wilson 2009b).
In Canada, nearly 25-30% of the native prairie remains, mostly distributed in southern areas of
Alberta, Saskatchewan and Manitoba (Gauthier and Wiken 2003). From the 1930s to 1990s, much
of the native prairie was gradually converted to croplands (Gauthier and Wiken 2003). In addition
to this direct loss of grasslands, overgrazing and recreation adds pressure to remnant prairie
(Samson and Knopf 1994). Saskatchewan and Alberta, Canada, have been conducting conservation
actions on the remaining prairie since the 1980s (Nernberg and Ingstrup 2005). These prairie
conservation actions have been maintaining grassland ecosystem sustainability, enlarging
vegetation cover, reducing soil erosion and water runoff, and increasing carbon storage (Wilson
2009a).
2.3.2 Ecological functions of the dead component
Dead material accumulation is an indicator of the intensity of grassland disturbance (Hill et
al. 1992; Eisfelder et al. 2010; e.g. grazing (Naeth et al. 1991) and fire (Kim et al. 2009)), because
grasslands with low disturbance (e.g. conserved or abandoned grassland) have more dead material
accumulation than those with high disturbance. Litter, old accumulated dead matter, is a thin layer
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covering grassland soils in grassland (Bienkowski et al. 2006), while standing dead is senescent
plants from last year, still at least partially upright in the canopy.
Litter is an important transfer phase of carbon (Ren and Zhou 2012; Riaz et al. 2012),
nutrition and energy from plant to soil (Henry et al. 2008; Hewins et al. 2013; Yin and Huang
1996), and its decomposition has strong impact on grassland productivity and species composition
(Eckstein and Donath 2005; Patrick et al. 2008). In addition, litter reduces ground surface
temperature and improves soil moisture by trapping snow, enlarging water infiltration, and
reducing runoff and evaporation (Deutsch et al. 2010; Donath and Eckstein 2010; Guerschman et
al. 2009; Wang et al. 2011). As a result, litter enhances grass productivity in semi-arid grassland
where moisture is a limiting factor (Deutsch et al. 2010; Wang et al. 2011), but too much dead
material accumulation in ungrazed, conserved or abandoned grasslands prevents grassland
production (Jackson et al. 2006). Large amounts of dead component increase risk for wild fire (Kim
et al. 2009; Newnham et al. 2011) and invasive species (Dyer 2003), and can cause bird habitat
loss because dead vegetation is an important factor of grassland-bird habitat selection (Fisher and
Davis 2010). Excessive standing dead vegetation mixed with green vegetation is a barrier to attract
large grassland grazers (Mingo and Oesterheld 2009). Litter is the primary factor controlling
grassland biodiversity with species richness declining along with increasing litter mass (Lamb
2008). Dense litter, the same as dense green grass, has negative effects on species richness in highly
productive grassland (Jensen and Gutekunst 2003; Rasran et al. 2007; Ruprecht et al. 2010;
Ruprecht and Szabo 2012) because they both attenuate light quantity under the canopy (Foster and
Gross 1998; Jensen and Gutekunst 2003) and litter layer impedes the seed germination (Bonanomi
et al. 2009) and seedling recruitment (Galvanek and Leps 2012). However, in semi-arid grasslands
with long term grazing or mowing, litter has remarkable positive influences on seedling recruitment
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(Quested and Eriksson 2006). Since litter prevents seed germination and seedling recruitment,
Deak et al. (2011) suggested litter accumulation as a restoration method to suppress weedy forbs
or invasive species in a short term.
2.3.3

Evaluation of dead component by RS approach
RS techniques enable us to monitor grasslands over large areas, to capture spatial variations

(Bao et al. 2008) and also to offer long time series analyses (Eisfelder et al. 2012). Biomass
estimation and vegetation cover research by RS has been conducted since the early 1980s (Eisfelder
et al. 2012). Successful assessment of green biomass, green vegetation cover and net primary
productivity has been shown by many grassland studies (e.g. Bao et al. 2008; Butterfield and
Malmstrom 2009; Chen et al. 2008; Chladil and Nunez 1995; Courault et al. 2010; Feng et al. 2005;
Li et al. 2009; Paruelo et al. 1997), but little grassland research focuses on the estimation of dead
cover or biomass. For optical remotely sensed data, red (R), near-infrared (NIR) and short-wave
infrared (SWIR) bands are sensitive to green and healthy vegetation (Horler et al. 1983; Baccini et
al. 2008). Most vegetation indices were designed based on the characteristic reflectance of R and
NIR bands (Zhao et al. 2012) to capture the green plant information; examples include NDVI, SoilAdjusted Vegetation Index (SAVI), Perpendicular Vegetation Index (PVI), Adjusted Transformed
Soil-Adjusted Vegetation Index (ATSAVI), Transformed Soil Adjusted Vegetation Index
(TSAVI), and Enhanced Vegetation Index (EVI).
Unlike green vegetation, it is hard to relate multispectral vegetation indices to cover or
biomass of the dead component or non-photosynthetic vegetation (NPV) in grasslands (Qi and
Wallace 2002). From multispectral imagery, it is even hard to distinguish NPV from bare soil
(Nagler et al. 2000; Okin 2007; Roberts et al. 1993). Compared with multispectral vegetation
indices, CAI (Nagler et al. 2000), based on hyperspectral data, is the best one to estimate senescent
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grass biomass (Ren and Zhou 2012). Because the relative depth of spectral absorption at 2.1μm of
dead material is different from that of bare soil, CAI provides better accuracy for either biomass or
coverage assessment of the dead component (e.g. Daughtry et al. 2005; Daughtry and Hunt Jr 2008;
Daughtry 2001; Guerschman et al. 2009; He et al. 2006; Nagler et al. 2003; Ren and Zhou 2012).
However, hyperspectral images are costly, not always obtainable for grassland regions, and
unavailable for long term research. LiDAR imagery is another widely used source to evaluate dead
cover and dead biomass in forests (Bater et al. 2009; Blanchard et al. 2011; Kankare et al. 2013;
Kim et al. 2009; Pesonen et al. 2008) because it can obtain tree volume parameters, such as height,
canopy diameter, stem diameter and so on. However, in grasslands, standing dead material is
always mixed with green grass and litter in the understory, which makes LiDAR imagery lose the
potential to separate green grass from standing dead grass or litter. Hence, it is more useful to
develop a method to evaluate dead component by multispectral images (e.g. Landsat Thematic
Mapper (TM)).
Therefore, the objectives of this study are as follow: 1) to analyze the relationship between
NDVI, probably the most popular vegetation index (Newnham et al. 2011), and dead cover in the
range of dead cover from 0 to 100%, 2) to assess how different amounts of dead cover influence
the relationship between total biomass and NDVI, and 3) to develop a method to estimate dead
cover using Landsat TM images.
2.4

Datasets

2.4.1 Field data
Field work was conducted in the maximum growing season at GNP in late June and early
July of 2003, 2004, 2005, 2008 and 2013. Thirty sites for 2003 (15 sites in grazed grassland outside
the Park and 15 in upland), 18 sites for 2004 (4 sites in grazed grassland outside the Park, 8 in
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sloped land and 6 in upland), 29 sites for 2005 (3 sites in upland, 12 in sloped land and 14 in valley
grassland), 12 transects for 2008 (3 in grazed grassland, 8 inside the Park and 1 through the Park
to the grazed area) and 9 sites for 2013 (3 in upland, 3 in slope land and 3 in valley grassland) were
selected based on a stratified random design and accessibility (Figure 2-1). In 2003, 2004 and 2005,
we set up one 100 × 100 m plot in each site that was composed of two 100 m transects
perpendicularly crossing each other at the centers. Twenty 50 ×50 cm quadrats were set up in each
plot at 10 m intervals, excluding the center (quadrat structure in each plot, Appendix C. Ground
percentage cover for green grass, shrub, forb, standing dead material, litter, bare soil, lichen, moss,
and rock, were measured by visual observation in each quadrat (field data form, Appendix D). Due
to restrictions of the park, biomass was collected at 20m intervals with a 20 × 50 cm quadrat by
clipping with scissors. Then, fresh biomass was sorted into four groups; grass, dead material, forb
and shrub. Biomass was then measured by weight after drying in the oven for 48 hours at 60 ºC.
The 100 × 100 m plot was designed to correlate with Landsat TM images (one pixel: 30 × 30 m).
All the biomass and ground cover data were averaged by plots to match 3 ×3 pixels of TM images.
For 2008, 128 50 × 50cm quadrats were set up at 3 m intervals in each transect. Ground cover and
spectral reflectance was collected for each quadrat. The transect design of 2008 was used to collect
a dataset with large dead cover range (from 0% to 100%) for better understanding the relationship
between dead cover and NDVI. The dataset of 2008 and the combined dataset of 2003, 2004 and
2005 was used for analysis in this study, and 2013 field data was used for validation.
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Figure 2-1 Sample sites and transects for the estimation of dead material
Note: image is Landsat TM acquired on July 14th, 2005.
2.4.2 Remotely sensed images
Five Landsat TM images and three ETM+ images (Table 2-1) were used in this study to
correspond with the field work dates. All the images had already been geometrically corrected
when

downloaded

from

the

United

States

Geological

Survey

(USGS)

website

(http://glovis.usgs.gov/). Atmospheric correction was conducted using ATCOR2 algorithm in PCI
Geomatica. The parameters of this algorithm are average elevation (e.g. 0.778 km in GNP), pixel
size (30m for Landsat TM), image acquired date, radiance calibration file (including gain and
offset) and solar zenith (90o – sun elevation). Gain and offset are calculated by minimum and
maximum spectral radiance. Sun elevation, minimum and maximum spectral radiance can be
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obtained from image header file. All the images have the spatial resolution of 30 × 30 m and their
projection was Universal Transverse Mercator (UTM) Zone 13N, WGS1984. To correlate with the
field data, all the vegetation indices calculated from TM images were averaged by the center pixel
where the plot center locates and eight surrounding pixels (3 × 3 Pixels). The samples, with the
difference between image acquired date and field work date within seven days, were used for the
analysis in this research.
Table 2-1 Acquisition dates of Landsat images

2.5

sensors

date

ETM+

July 17th, 2003

ETM+

July 3rd, 2004

ETM+

June 20th, 2005

TM

June 23rd, 2003

TM

July 9th, 2003

TM

June 9th, 2004

TM

June 20th, 2004

TM

July 14th, 2005

Methods
Figure 2-2 is the flowchart for the methodology of this study. To understand what the

relationship between dead cover and NDVI is, hyperspectral NDVI, TM image NDVI and
simulated NDVI by linear spectral mixing analysis were analyzed. The 2008 dataset has samples
with a large range of dead cover from 4% to 100% which benefits the analysis. However the 2008
dataset was not used for testing the relationship between image NDVI and dead cover because the
2008 dataset does not contain biomass data for objective 2 and 50 ×50 cm quadrat is not correlated
to 30 × 30 m pixel of TM images. Although the 2008 dataset contains samples with dead cover
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from 4% to 100%, the full dataset with dead cover from 0% to 100%, green cover from 0% to
100%, and bare soil from 0% to 100% is impossible to get from reality. Thus, simulated NDVI and
dead cover were used to obtain the samples with the full range of dead cover, green cover and bare
soil. The result from objective 1, the dead cover thresholds, was used to test if they cause the change
of the relationship between total biomass and TM image NDVI. To apply the methods of objective
1 and 2 for the whole TM image, it is better to develop a method for dead cover estimation because
dead cover data used was collected from field work which contains limited samples. Specific
methods are described as follow.
Methods for Objective---to analyze the
relationship between dead cover and NDVI

Hyperspectral NDVI and dead cover
·
·

The combined dataset
of 2003, 2004 and 2005
2008 dataset

Image NDVI and dead cover

Simulated NDVI and dead cover

The combined dataset
of 2003, 2004 and 2005

Linear spectral
mixture analysis

Se
gm
ent
e
Av d lin
Segmented linear regression
era ear
ge
Average NDVI
ND regre
VI ssio
nt
of
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2013 field data Correlation test to validate

231 simulated samples
Scatter plot in R

Dead cover thresholds
where its relationship
with NDVI changes

d
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v
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Dead cover estimation

Figure 2-2 Methodology flowchart
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Methods for Objective---to
develop a method to estimate dead
cover using Landsat TM images

2.5.1 Average NDVI if dead cover equals to a constant i
The relationship between dead cover and NDVI has high variations because dead cover is
not the only factor affecting NDVI (other factors: e.g. green cover, bare soil cover, moss and lichen
cover). To study the general relation of NDVI and dead cover, the influence of other factors needs
to be minimized, which was achieved by averaging NDVI if dead cover equals to i, where i is 0%,
or 1%, or 2%, or 3%, …… , or 100%. In the locations with same amount of dead cover of two
dimension scatterplot (NDVI as y axis and dead cover as x axis), NDVI has several values because
these points have different green cover, bare soil cover, or moss and lichen coverage though their
dead cover is the same. With this method, the variation of NDVI caused by other factors will be
minimized.
2.5.2 Segmented linear regression in R
Segmented linear (or “broken-line”) relationships are piecewise linear relationship between
a response variable with one or more explanatory variables, using two or more straight lines joined
by one or more points which are named breakpoints, change-points, or threshold (Muggeo 2003).
Segmented linear modeling is widely used to identify broken-line relationship or thresholds in
market research and epidemiology (Garcia-Alegria et al. 2007; Luwel et al. 2001; Minguez et al.
2009; Muggeo 2008). Some studies applied this method in biology and agriculture (Chamsaz et al.
2011; Oosterbaan et al. 1990; Vieth 1989). However, few studies applied this method in grassland
research. The Segmented package in R software is able to fit generalized linear models with
segmented linear relationships and identify the changing points (Muggeo 2008), and was used here
to estimate the thresholds of dead cover when the relationship of NDVI and dead cover changes.
Segmented linear regression in R requires pre-knowledge of the number of breakpoints and initial
value of independent variables (e.g. dead cover in this study) at the breakpoints. The number of
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breakpoints is generally easy to determine because three joint broken lines with two breakpoints or
two joint lines with one breakpoint are obvious in the scatterplots (e.g. Figure 2-3 and Figure 2-4).
The initial values of the independent variables are the initial guess where the change points are,
which are required in the code of “segmented” in R. The initial guesses become less important
when the broken line regression is clearer (Muggeo 2008). For the combined dataset of 2003, 2004
and 2005, both NDVI calculated by Landsat images and hyperspectral NDVI calculated by ground
reflectance data were tested for broken line relationships with dead cover, while only hyperspectral
NDVI were used for the 2008 dataset.
2.5.3 Linear spectral mixture analysis
Spectral mixture analysis is used to simulate a mixed spectral reflectance from a set of pure
endmembers’ spectra (Mikheeva et al. 2012). Spectral mixture analysis is mainly applied to subpixel classification based on the assumption that the spectrum measured by a sensor is a linear
combination of the pure spectra of different components (Cao et al. 2011; De Asis and Omasa
2007; De Freitas et al. 2007; Guimaraes et al. 2010; Liu and Cao 2011; Lu et al. 2003; Roberto dos
Santos et al. 1999; Yue et al. 2005). However, few studies applied this method in an opposite way
which is simulating spectral reflectance from pure endmembers’ spectra with different endmember
coverage. In this study, spectral mixture analysis is utilized to quantify mixed spectra of different
percentage covers of green grass, bare soil and dead material. With those mixed spectra, the
relationship between NDVI and dead cover will be better understood. The equation of this analysis
is
R = ad × D + ag × G + ab × B

(2-1)

where R is the mixed spectral reflectance, ad, ag and ab refer to the percentage covers of
dead material, green grass and bare soil, and D, G and B are the reflectance of dead material, green
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grass and bare soil, respectively. The spectra of these three components were obtained indoors
under an artificial light source. Samples of bare soil, dead material (including litter and standing
dead material) and green grass were collected in GNP in 2004. The soil samples were Chernozemic
soil, the most common soil type in the study area, and green grass samples are the dominant species
in GNP (listed in the study area section. Percentage covers of bare soil, green grass and dead
material were assigned with 5% interval started from 0% to 100%, which means (ad, ag, ab) was
assigned as (0%, 0%, 100%), (0%, 5%, 95%), (0%, 10%, 90%), …… , (0%, 100%, 0%), (5%, 0%,
95%), (5%, 5%, 90%), (5%, 10%, 85%), …… , (5%, 95%, 0%), (10%, 0%, 90%), (10%, 5%, 85%),
(10%, 10%, 80%), …… , (10%, 90%, 0%), …… , (95%, 0%, 5%), (95%, 5%, 0%), (100%, 0%,
0%). The total number of the simulated samples is 231. After the hyper-spectrum simulation for
the 231 samples, the hyperspectral NDVI was calculated based on the spectra to test the relationship
between simulated NDVI and dead cover.
2.5.4 Linear regression and correlation test
Linear regression was used to analyze the relationship between total biomass and dead
cover, and dead cover and various indices (e.g. NDVI, NBR), Dead Fuel Index (DFI), Normalized
Difference Senescent Vegetation Index (NDSVI), PVI, Normalized Different Water Index (NDWI)
(Table 2-2)). A correlation test was applied to test the correlation between total biomass and NDVI,
dead cover and NDVI of 2013 dataset, indices and dead cover, and indices and green cover. All
the indices were calculated based on Landsat images except the hyperspectral NDVI (Table 2-2).
All the statistical methods were carried out in the R statistical software 2.14, and the code is
available upon request.
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Table 2-2 Indices used in this study
Index

Algorithm
𝑁𝐼𝑅 − 𝑆𝑊𝐼𝑅2
𝑁𝐼𝑅 + 𝑆𝑊𝐼𝑅2

NBR

𝑁𝐵𝑅 =

DFI

𝐷𝐹𝐼 = 100 (1 −

NDSVI

𝑁𝐷𝑊𝐼 =

PVI*

𝑃𝑉𝐼 =

NDVI

Hyperspectral NDVI

(Roy et al. 2006)

(Cao et al. 2010)

𝑆𝑊𝐼𝑅1 − 𝑅
𝑆𝑊𝐼𝑅1 + 𝑅

(Qi et al. 2002)

𝑁𝐼𝑅 − 𝑆𝑊𝐼𝑅1
𝑁𝐼𝑅 + 𝑆𝑊𝐼𝑅1

(Gao 1996)

𝑁𝐷𝑆𝑉𝐼 =

NDWI*

𝑆𝑊𝐼𝑅2
𝑅
)(
)
𝑆𝑊𝐼𝑅1 𝑁𝐼𝑅

Citation

𝑁𝐼𝑅 − 𝑎𝑅 − 𝑏
√1 + 𝑎2
𝑁𝐼𝑅 − 𝑅
𝑁𝐼𝑅 + 𝑅

(Rouse et al. 1974)

𝜌800 − 𝜌670
𝜌800 + 𝜌670

(Wu et al. 2008)

𝑁𝐷𝑉𝐼 =

𝑁𝐷𝑉𝐼 =

(Richardson and Wiegand 1977)

a (equal to 1.28) means the slope of soil line; b (equal to 0.04) means the intercept of soil line; R, NIR,

*

SWIR1 and SWIR2 represents band 3, band4, band 5 and band 7 representatively of TM or ETM+
imagery

2.6

Results

2.6.1 The relationship between NDVI and dead cover
Field data in 2008 captured a large sample size with long range of dead cover from 4% to
100% (Figure 2-3). The relation between NDVI and dead cover has large variation (Figure 2-3a)
because green cover, bare soil, moss and lichen also influence NDVI. The variation was minimized
(Figure 2-3b) by averaging NDVI if dead cover equals to a constant i (see section 3.2.1). The
change points were nearly 40% (p < 0.05) and 80% (p < 0.05) from the segmented result. The
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standard error of the first turning point is 8.2, which means it has low reliability. The original 2008
dataset transects contained much fewer samples when the dead cover was less than 40% (Figure 23a), which meant the averaged NDVI could not minimize the variations in 0% to 40% of dead
cover (Figure 2-3b). Otherwise, this dataset has a large sample size in high dead cover regions,
which helps capture a much more accurate second change point with standard error of 2.2.

Figure 2-3 The relationship between NDVI and dead cover
Note: graph a is the original data of field data of 200; graph b is the dataset processed by
averaging NDVI in a certain value of dead cover.
The combined dataset of 2003, 2004 and 2005 has plenty of samples with low dead cover
to obtain the first change point. Instead of presenting the original combined dataset, Figure 2-4
shows the averaged NDVI if dead cover equals to a constant i (see Section 2.5.1). Both
hyperspectral NDVI and image NDVI were used to test the broken line regression with dead cover.
The change point for the hyperspectral NDVI (Figure 2-4b) was around 20% (p < 0.05) and the
standard error was 2.4. When NDVI was changed from hyperspectral NDVI to Landsat image
42

NDVI, the change point was still around 20%, but the standard error was increased from 2.4 to 2.6
(Figure 2-4a).

Figure 2-4 Change point of combined dataset of 2003, 2004, 2005
Note: a is the image NDVI and b is high spectral NDVI calculated by field measurement.
When the change point (20%) was applied to 2013 dataset, the correlation coefficient of
NDVI and dead cover is 0.77 (p < 0.05) if dead cover is less than 20%; no correlation between
NDVI and dead cover when dead cover is more than 20% (the maximum dead cover of 2013 dataset
is 60%).
2.6.2 Influence of dead cover on the relationship between total biomass and NDVI
Total biomass has significant high linear correlation with dead cover (R2 = 0.6, P < 0.001),
but no correlation with NDVI (R2 = 0.02, P > 0.1) (Figure 2-5).
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Figure 2-5 Relationship between total biomass and dead cover or image NDVI
To test how different amounts of dead component influence the relation between total
biomass and NDVI, the whole combined dataset of 2003, 2004 and 2005 was divided into two
datasets with the threshold, dead cover = 20%, according to the result of the change point. Total
biomass has positive correlation with NDVI when dead cover is less than 20% (R = 0.48, P < 0.1)
while total biomass has no relationship with NDVI when dead cover is more than 20% (R = 0.03,
P > 0.1). The relationship between total biomass and NDVI and the relation between dead cover
and NDVI are similar in that the relation changes when dead cover reaches a threshed of dead cover
≈ 20%.
2.6.3 The mixed spectrum of bare soil, dead material and green grass
With a certain amount of green cover (GC = 40%), the darker line means less bare soil
coverage and more dead cover (Figure 2-6). It is obvious that decreasing bare soil cover along with
increasing dead cover causes lower reflectance in R, NIR and SWIR (Figure 2-6).
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Figure 2-6 The simulated spectral of grassland by mixed spectrum of bare soil, dead material and
green grass
Note: where BS is bare soil cover, DC is dead cover and GC is green cover.
In Figure 2-7, the simulated spectrum only contains two components (dead material and
green grass). It shows larger amount of dead component and smaller amount of green grass result
in increasing R and SWIR reflectance and decreasing NIR reflectance (Figure 2-7). More
importantly, the difference in SWIR is more obvious than NIR and the effect on NIR is clearer than
that on R.
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Figure 2-7 The simulated spectral of grassland by mixed spectrum of dead material and green
grass
Note: where DC is dead cover and GC is green cover.
2.6.4 The simulated relationship between NDVI and dead cover
Figure 2-8 shows the simulated relationship between dead cover and NDVI. The green,
dark cyan and orange points represented the samples with 100% green cover, 100% dead cover and
100% bare soil cover representatively (Figure 2-8). The points located in the upper part have
smaller coverage of bare soil, while the points located in the lower part have larger bare soil cover.
The points along with the blue dash line were the simulated samples with 0% of bare soil cover
while the points in the black dash line were the samples with 0% of green cover. Both bare soil
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cover increasing and dead cover increasing reduced NDVI. The point with 100% dead cover (the
dark cyan point in Figure 2-8) had high NDVI than the point with 100% bare soil (the orange point
in Figure 2-8).

Figure 2-8 The relationship between simulated NDVI and dead cover
2.6.5 Dead cover estimation
The dataset for dead cover estimation was the combined dataset of 2003, 2004 and 2005.
Dead cover had no correlation with any of the indices listed in Table 2-1 because bare soil, moss
and lichen have similar spectra with dead cover. With omission of the sites containing bare soil
cover over 10% and moss and lichen cover over 20%, dead cover had significantly high correlation
with NBR (R2 = 0.85, P < 0.001, Figure 2-9) or NDWI (R2 = 0.71, P < 0.001, Figure 2-10).
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However, DFI and NDSVI had no correlation with dead cover while NDVI (R= -0.61, p <0.05)
and PVI (R = -0.79, P<0.001) had significant negative correlation with dead cover.
NBR and NDWI also had significant high correlation with green cover for combined dataset
without any omission (NBR: R = 0.76, P<0.01 and NDWI: R = 0.72, P < 0.001). DFI and NDSVI
had no correlation with green cover while NDVI (R = 0.60, P < 0.001) and PVI (R = 0.71, P <
0.001) had significant positive relationship with green cover.

Figure 2-9 Relationship between dead cover and NBR
Note: a contains all the samples of the combined dataset of 2003, 2004, 2005; b only contains the
samples with bare soil cover less than 10% and moss and lichen cover less than 20%.
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Figure 2-10 Relationship between dead cover and NDWI
Note: a contains all the samples of the combined dataset of 2003, 2004, 2005; b only contains the
samples with bare soil cover less than 10% and moss and lichen cover less than 20%.
2.7

Discussion

2.7.1 Dead cover estimation by RS approach
As mentioned in the introduction, NDVI is the most popular vegetation index, so this study
analyzed the relation between dead component and NDVI. The ability of NDVI to detect green
vegetation has been proven (Newnham et al. 2011), but few studies in the literature actually shows
the relation between NDVI and dead material. This study indicates that NDVI and dead cover have
piecewise linear relationship with three connected broken lines and two change points in the range
of dead cover from 0% to 100%. The design of the 2008 field data acquisition focused on the
transects covering the range from 0% to 100% of dead cover, but the broader study area with long
term conservation management contains large amounts of dead component. As the result, the
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dataset of 2008 contains many more samples in the large dead cover region than the low ones.
Because of the relatively sparse samples in the low dead cover part (less than 40%), the first change
point which is nearly 40% is not reliable (standard error = 8.2) while the second change point near
80% is much more accurate. The segmented result of 2008 dataset obviously demonstrates the
positive linear relationship between NDVI and dead cover when dead cover is low, no relation
when dead cover has a middle value and significant negative relationship when dead cover is high.
Instead of the transect design of 2008, field investigations in 2003, 2004 and 2005 applied a 100 ×
100 m plot design to associate with satellite images. Although the combined dataset of 2003, 2004
and 2005 did not contain the high dead cover sites, it captured accurate first change point which is
around 20% dead cover. When replacing high spectral NDVI by field survey to Landsat image
NDVI, the result of change point did not change, but the standard error was a little bit higher,
presumably because the acquired dates of images were not exactly the same day of the field work.
The dataset of image NDVI contained less samples than that of field measured NDVI because the
sites of the date difference larger than 15 days were omitted and the sites located in cloud, cloud
shadow and ETM+ image no data region were deleted.
From the simulated spectra, lower bare soil cover and larger dead cover result in lower
reflectance of R, NIR and SWIR in a certain green cover. However, the reflectance difference
between NIR and R is stable, which also means bare soil causes lower NDVI rather than dead
component (Figure 2-6). This result was supported by the simulated relationship between NDVI
and dead cover. In a given dead cover, the simulated sample with largest NDVI contained 0% of
bare soil (Figure 2-8), which means samples with the maximum NDVI do not have bare soil effect.
Thus, maximum NDVI instead of the averaged NDVI for the location with same amount of dead
cover should be used to eliminate the effect of bare soil in a certain dead cover instead of dead
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cover when studying the general relationship between dead cover and NDVI. However, the 2008
field data had large variation of NDVI value with majority lower than 0.4 and few around 0.8
(Figure 2-3a). In this case, it is not reliable to extract the maximum NDVI to estimate the change
point of the NDVI and dead cover relationship. Although the average NDVI is not the best way to
eliminate bare soil effect, it did not influence the assessment of the change points because both
averaged NDVI and maximum NDVI show the same threshold values in the relationships between
NDVI and dead cover. The simulated relationship between NDVI (Figure 2-8) and the actual
relationship between NDVI and dead cover from 2008 field data (Figure 2-3a) had different scatter
plots. Unlike the simulated samples, even when dead cover is low the green coverage cannot reach
a high percentage in reality. Therefore, the samples with high NDVI and low dead cover of the
relationship between the field measured NDVI and dead cover are lacking compared to the
relationship between dead cover and simulated NDVI, which actually causes the broken linear
relationship of NDVI and dead cover.
The broken linear relationship of NDVI and dead cover is a common phenomenon in
grasslands because the main factors (e.g. green plants, dead material, bare soil and soil crust) which
contribute to NDVI value changes along with dead cover changing. However, the thresholds of
dead cover found in this research may not applicable to other regions, which needs to be test in
other areas using the methodology of this study. From the simulated relationship between NDVI
and dead cover (Figure 2-8), the contribution of green cover (NDVI is around 0.8 when green cover
is 100%) is much larger than dead cover (NDVI is about 0.12 when dead cover is 100%), and dead
cover contributes more to NDVI than bare soil (NDVI equals to 0.08 when bare soil cover is 100%).
When dead cover is low (e.g. less than 20% in this study), green cover is the main factor which
determines NDVI values; if dead cover is at intermediate level (e.g. over 20% but less than 80% in
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this study), NDVI is not sensitive to dead cover change because the combined effects of green
cover and dead cover overcomes the effects of dead cover; while dead cover increasing is the main
factor which cause NDVI value decrease significantly when dead cover is large (e.g. over 80% in
this study) because the photosynthetic activity is low with increased dead cover.
NIR and SWIR are good indicators of dead cover, which has been demonstrated from two
parts of this study. First, the effect of dead material change on SWIR and NIR is more obvious than
that on other bands (Figure 2-7). Second, NBR and NDWI, both contain the information from NIR
and SWIR, and were good estimators of dead material cover, similar to previous studies (Daughtry
et al. 2004; Nagler et al. 2000; Pacheco and McNairn 2010). Even the best hyperspectral index for
dead material assessment, CAI (Ren et al. 2012), was designed based on SWIR. However, in this
study without specific information of hyperspectral in Landsat data, the dead cover estimation
could not eliminate the effect of bare soil, moss and lichen because bare soil has similar spectra as
dead material and the only difference is in SWIR2 (Asner and Lobell 2000). The spectra of moss
and lichen are similar to that of bare soil (Ustin et al. 2009), and moss, lichen and bare soil spectra
are more similar than the spectra of bare soil and dead material. In the ecological aspect, moss and
lichen have similar biological function as litter, such as influence on seed germination (Zamfir
2000) and effect on ground temperature and soil moisture (Donath and Eckstein 2010).
DFI was first introduced to calculate dead component using MODIS images, so maybe it
was not applicable for Landsat images because Landsat images have broader bands than MODIS.
NDVI and PVI were designed based on R and NIR, which were useful to distinguish green
vegetation from other components.
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2.7.2 Effects of dead component on total biomass evaluation
Total biomass, including dried dead material and dried green grass, has significantly high
correlation with dead cover. The study area generally contains over 50% dead cover, which causes
dead component to be the main component of total biomass. Even with the equal coverage of dead
material and green grass, dead material has much more dry matter than green grass. The relation
of total biomass and dead cover results in similar relationships between total biomass and NDVI
and between NDVI and dead cover. When the dead cover is less than 20%, total biomass has
positive correlation with NDVI. When dead cover is more than 20% and less than 80%, total
biomass has no obvious relation with NDVI. As a result, this study suggests research in estimation
of total biomass by vegetation indices consider the amount of dead material.
2.7.3 Large amount of dead material ---- the result of long term conservation
Dead material is a critical indicator of grassland health because it does not always have
positive effects on grassland ecosystems. In the semi-arid regions, dead material improved the
grassland productivity because it enlarged the capacity for capturing the rainfall. On the other hand,
dead material does not help increase soil moisture and grassland productivity in moist area or high
productivity grassland, and too much dead material actually reduces the productivity (Jackson et
al. 2006) by impeding the seed germination and seedling recruitment. In addition, a large amount
of dead material is a high risk for wildfire (Kim et al. 2009; Newnham et al. 2011), invasive species
(Dyer 2003), and bird habitat loss (Fisher and Davis 2010). Long term conserved grassland needs
efficient restoration management to reduce the amount of dead material for maintaining the native
grass community, reducing the invasive species (Dyer 2003) and woody encroachment (Wallner et
al. 2013), and protecting the native species diversity (Morgan and Lunt 1999) of grassland
ecosystems. For the last several years, Parks Canada has been combining grazing and prescribed
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fire in GNP to form the diverse habitats for wildlife and remove dead material (Parks Canada).
However, the efficiency of those restoration methods needs further studies.
2.8

Conclusions
The main conclusions in this Chapter are as follow: 1) NDVI and dead cover have positive

relationship when dead cover is less than 20%, no correlation when dead cover is less than 80%
and larger than 20%, and significant negative relation when dead cover is more than 80%; 2) dead
material influences the relationship between total biomass and NDVI and the relation changes
when dead cover reaches the thresholds of 20% and 80%; 3) in long term conserved grassland,
dead material contributes more to total dry matter than green grass; 4) after the omission of samples
with high bare soil, moss and lichen cover, NBR and NDWI have strong negative linear
correlations with dead cover; 5) multiple band images can be used to estimate dead component, but
bare soil and soil crust (moss and lichen) have large influences on the estimation.
The results of this Chapter indicates that the dead material is measurable based on the
multispectral RS images with conditions (effects from bare soil and soil crust are controlled). Since
dead material cannot be measured directly from the multispectral RS images, it leaves a challenge
to develop a methodology to estimate biophysical parameters (including dead materials) as
indicators of grassland response to conservation indirectly (Objective 2, Chapter 3).
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CHAPTER 3: EVALUATING THE IMPACTS OF NEARLY 30 YEARS
OF CONSERVATION ON GRASSLAND ECOSYSTEM USING
LANDSAT TM IMAGES
3.1

Preface
Chapter 3 is to fulfill the objective 2 of evaluating the impact of grassland conservation

over long term period using optical RS. This chapter presents the methods and results of the
grassland response to conservation actions and the optimum time lag for grassland conservation.
The results of this chapter have been published as a research paper:
Xu D. and X. Guo (2015) Evaluating the impacts of nearly 30 years of conservation on
grassland ecosystem using Landsat TM images. Grassland Science, 61(4): 227-242,
doi: 10.1111/grs.12098.
Dandan Xu completed the data collection, developed the methodology and wrote the
manuscript. Dr. Xulin Guo supervised the whole process of research and revised the manuscript.
The permission of reusing this published article was obtained from “John Wiley and Sons and
Copyright Clearance Center” by Dandan Xu on December 3rd, 2015 (Appendix B).
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3.2

Abstract
When grassland degradation became a global issue because of overgrazing and other human

activities, grassland managers implemented different management methods in an attempt to restore
grassland ecosystems (e.g. conservation actions). Few studies have investigated the impacts of
conservation actions (removing large grazers and conserving biodiversity) on grassland ecosystems,
therefore, this study aims to evaluate the impacts of conservation actions and to measure the time
lag of the significant influences of grassland conservations on mixed grasslands which were
assessed by five different biophysical parameters (biodiversity, soil organic matter, fresh biomass,
litter cover and green cover). Instead of measuring the biophysical parameters from field data and
remotely sensed images, the methodology of this study focused on the difference in biophysical
parameters between the ecological comparison sites (grazing sites and conserved sites), which
enhance the impacts of grassland conservation on grasslands comparing to grazing management.
The results show that: 1) biodiversity in conserved grasslands increased gradually in the first 3 to
5 years, decreased gradually over the next 4 or 5 years, and then stabilized after that; 2) soil organic
matter increased and reached its maximum value within 7 to 9 years of conservation and then
remained at this level, while litter accumulated the maximum level one year later than soil organic
matter; 3) soil organic matter is the primary factor of biodiversity in the grasslands with low litter
accumulation, while high-density litter layers are the primary cause of decreases in biodiversity; 4)
fresh biomass decreased over a period of 7 to 10 years under conservation and remained nearly
unchanged after that; 5) green vegetation fraction was also increased by conservation action in
about 6/7 years. The result of this study provides the fundamental information for implementing
and adjusting grassland management policies.
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3.3

Introduction

3.3.1 Grassland ecosystems and grassland degradation
Grasslands, cover about 40% of the Earth’s terrestrial surface (Suttie et al. 2005). Besides
providing habitats for a wide range of wildlife (Zhang and Guo 2007), grasslands maintain both
ecological (e.g. capture and release of water, site stability) (Milton et al. 1998) and economic
functions (e.g. grazing without need of fertilization, unique landscapes for tourism).
Land cover change, overgrazing, and exotic species invasion are the major causes of
grassland degradation. Land cover change (urbanization, cultivation, and grazing), resulting in
removal of dominant grass species that are resilient to grassland disturbance (e.g., drought or
grazing) (Lewis et al. 2008) and has happened globally over the past decades, such as in Australia
(Williams et al. 2005), Russia (Smelansky and Tishkov 2012), China (Zou et al. 2002), United
States (Higgins et al. 2002), and Canada (Fraser et al. 2009). Long-term overgrazing adds
continuous pressure that leads to grassland degradation (Liu et al. 2004; Zhou et al. 2005). The
aggressively competitive nature of invasive or introduced species, including woody (Heisler et al.
2003, Briggs et al. 2005) and grass species (Evans et al. 2001), is a threat to communities of native
species community.
Grassland managers have implemented various methods to counteract grassland
degradation. Such methods include prescribed fires to control the encroachment of woody plants
(Heisler et al. 2003, Briggs et al. 2005), decreased grazing intensity, or the implementation of
conservation actions (removing the large grazers and conserving biodiversity in grasslands). The
major problems affecting Canadian prairies are land reclamation and overgrazing. Among all the
grassland types in Canada, mixed grasslands have been converted into farmland the least (Gauthier
and Wiken 2003) because John Palliser discovered that the condition of mixed grassland (Palliser’s
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Triangle) was not suitable for crops (Spry 1959). Alberta and Saskatchewan, Canada, began
conservation actions (removing large grazers and conserving biodiversity) in the remnant of mixed
grasslands since the 1980s (Nernberg and Ingstrup 2005) because overgrazing remains a major
pressure in these areas (Samson and Knopf 1994).
3.3.2 The impacts of grassland conservation
The purpose of prairie conservation actions, a method of grassland rehabilitation, is to
maintain the natural state (Bailey et al. 2010) of the grassland ecosystem and conserve biodiversity
(Samson and Knopf 1994) under protection. Conservation actions provide the chance for secondary
succession in grasslands (Begon et al. 2006). During the secondary succession, grasslands reach a
relatively stable state, which some rangeland researchers refer to as a modified grassland ecosystem
(Adams et al. 2005).
Previous studies have assessed the impacts that conservation have on grassland ecosystems
by studying the changes in biophysical and ecological parameters, such as carbon storage (Wilson
2009), vegetation cover (Wilson 2009), litter (Hill et al. 1992), diversity (Fabricius et al. 2002),
species composition (Kahmen et al. 2002, Adler et al. 2009), soil organic matter (Burke et al. 1995),
soil moisture, productivity and so on. However, few studies have addressed the questions “how
long do conservation actions have a significant impact on grassland ecosystems?” Therefore, this
study aims to determine the time lag for that grassland conservation significantly impacts on
grasslands by monitoring biophysical and ecological parameters and also to examine the
interactions between the changes of different parameters.
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3.3.3 RS approaches
RS approaches extend grassland monitoring over a large temporal and spatial scale (Ouyang
et al. 2012), with various databases, including in-situ data (Li et al. 2013), unmanned aerial vehicle
data (Rango et al. 2009), aerial data (Mast et al. 1997) and satellite data (Henebry 1993) from
optical imagery to radar imagery (Hill et al. 1999) and LiDAR imagery (Bork and Su 2007). RS is
not widely used for rangeland management because of the gap between the information provided
by RS and the information wanted by rangeland managers, but RS does have potential for grassland
management research and the application of RS in this field is increasing (Hunt et al. 2003). To fill
the gap, rangeland researchers link grassland monitoring by RS to providing information for
rangeland managers (Marsett et al. 2006) and rangeland rehabilitation (Geerken and Ilaiwi 2004).
Grassland studies also focus on assessing the effectiveness of grassland rehabilitation (Gao and
Zha 2001). However, little research has addressed:
1. How does prairie conservation influence different aspects of grassland ecosystems?
2. How many years of conservation is the optimum time lag for grassland ecosystems?
By using RS to monitor various biophysical parameters long-term, it is possible to measure
the impacts of grassland conservation and the optimum time lag for conservation actions. More
importantly, the changes resulting from grassland conservation become obvious when studied with
long-term remotely sensed images (e.g. GNP, Figure 3-1). Therefore, this study aims to address
these two questions through the use of long-term Landsat TM images.
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Figure 3-1 The changes of the west block in GNP appeared on Landsat images (RGB: NIR, Red,
Green) over 30 years.
Note: the large grazers had been removed in study area from 1984 to 2006 and have been reintroduced bison grazing from 2006 until now. On the images, the park area (the boundary is in
yellow) became darker from 1984 to 2006 and the difference between the park area and
surrounding area decreased from 2006 to 2013.
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3.4

Database

3.4.1 Field data
The field work was conducted in late June and early July, which is the maximum growing
season in GNP, in 2003, 2004, and 2005. The sample design was according to Parks Canada’s
ecological comparison sites, with 5 sites inside GNP (U0, U1, U2, U3 and U4, Figure 3-2) where
grazing was abandoned for nearly 30 years and then reintroduced in 2006 and 5 grazing sites
outside GNP (G0, G1, G2, G3 and G4, Figure 3-2). These 10 sites are all located in upland with
similar dominate grass species (Western Wheat grass, Needle and Thread grass and Blue Grama
grass). The five conserved sites inside GNP were acquired as Park in different years and the grazing
managements in the five grazing sites were slightly different (Table 3-1).

Figure 3-2 Ecological comparison sites in the west block of GNP
Note: image is Landsat TM acquired in August 23rd, 2002.
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Table 3-1 The description of five ecological comparison sites

Pair sites

G0, U0

G1, U1

G2, U2

G3, U3

G4, U4

Acquiring year of the conserved

Grazing management of the grazing

sites

sites

Acquired as park in 1985
and re-introduced grazing in 2006
Acquired as park in 1990
and re-introduced grazing in 2006
Acquired as park in 1985
and re-introduced grazing in 2006

Acquired as park from 1987 to 1994

Acquired as park from 1991
and re-introduced grazing in 2006

Moderate grazing intensity

Moderate grazing intensity

Moderate grazing intensity

Moderate grazing intensity

light grazing intensity

Note: Table 3-1 includes the description of five ecological comparison sites (G0, U0; G1, U1; G2,
U2; G3, U3; G4, U4). G0, G1, G2, G3 and G4 are the five grazing sites outside GNP while U0,
U1, U2, U3 and U4 are the five ungrazing sites (conserved sites) inside GNP. When the sites (U0,
U1, U2, U3 and U4) were acquired as park, large grazers were removed from the sites and the sites
were managed under conservation action.
Detailed quadrat design in each plot and the method to collect each parameter refer to
section “2.4.1 field data”. All soil organic matter, the abundance of species, biomass and ground
cover data were averaged by plots in order to correlate with data from satellite imagery. In addition,
fresh biomass and soil organic matter were only collected in 2004 and 2005, while other data were
collected in 2003, 2004 and 2005 (see the description of field data in Table 3-2).
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Table 3-2 Description of field data
Green
Litter
cover (%) cover (%)

Biodiv
ersity

Fresh
Biomass
(g)

Soil organic
matter (%)

Mean

40.33

18.61

1.12

29.35

8.19

Range

42.96

28.92

0.91

40.70

5.23

SD

13.62

9.11

0.25

12.36

2.00

Mean

41.75

16.48

1.18

22.35

7.69

Range

42.51

19.99

0.69

8.30

5.13

SD

15.06

6.63

0.24

3.02

1.98

Mean

38.91

20.75

1.07

36.36

8.69

Range

39.99

28.04

0.91

39.80

4.68

SD

12.45

10.91

0.26

14.35

2.01

Correlation between grazing
and conserved sites

0.867**

0.19

-0.08

0.64

0.50

Paired sample size

13

13

13

8

8

All data

Grazing sites

Conserved sites

Note: ** is 0.01 significance level
3.4.2 Remotely sensed images
One hundred and twenty-seven Landsat 4/5 TM images, four of which are Landsat 4 TM
images, acquired between May 1 and September 30 (the growing season for GNP) from 1984 to
2011, were downloaded from the United States Geological Survey (USGS) website
(http://glovis.usgs.gov/). All the images were level 1 TM products without cloud cover in the area
of ecological comparison sites. Atmospheric correction was conducted in PCI Geomatica 2014
(PCI Geomatics Corporate Headquarters, Markham, Ontario, Canada) using the ATCOR2
algorithm (gain and offset were calculated by Equation 3-1 and Equation 3-2). The spatial
resolution of the images was 30 × 30 m and the projection was WGS1984 with UTM Zone 13N.
The thermal band (TM6, wavelength range from 10.40 to 12.5 μm) was resampled using the
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resampling method (Nearest Neighbor) to a spatial resolution of 30 ×30 m also. In addition, TM1,
TM2, TM3, TM4, TM5 and TM7 represents band 1, band 2, band 3, band 4, band 5 and band7,
with a wavelength range from 0.45 to 0.52 μm, 0.52 to 0.60 μm, 0.63 to 0.69 μm, 0.76 to 0.90 μm,
1.55 to 1.75 μm and 2.08 to 2.35 μm respectively.
𝐿

−𝐿

𝐵 = 𝐿𝑚𝑖𝑛 − (𝑄𝑚𝑎𝑥−𝑄𝑚𝑖𝑛 ) × 𝑄𝑚𝑖𝑛
𝑚𝑎𝑥

𝐺=

𝑚𝑖𝑛

𝐿𝑚𝑎𝑥 −𝐿𝑚𝑖𝑛
𝑄𝑚𝑎𝑥 −𝑄𝑚𝑖𝑛

(3-1)

(3-2)

where G is gain; B is offset; Lmax and Lmin is “LMAX_BAND” and “LMIN_BAND” which can be found in
the image metadata file and are the maximum and minimum spectral radiance corresponding to Qmax and
Qmin respectively; Qmax and Qmin are the the maximum and minimum digital count value which are 255 and
1 (Richter and Schlanfer 2013).

3.5

Methods
This study focused on the differences between the biophysical parameters (Δbiophysical

parameters, which is equal to the biophysical parameter of the grazing site outside the GNP minus
that of the paired conservation site inside the GNP) instead of measuring biophysical parameters
directly from Landsat TM images. The process of the whole methodology is to build a connection
of Δbiophysical parameters and the difference in TM bands between ecological comparison sites
(ΔTM bands), based on field data from 2003, 2004 and 2005 and its corresponding Landsat TM
images, then calculate Δbiophysical parameters from 1984 to 2011 from Landsat TM images for
five different ecological comparison sites (Figure 3-3). The final step is to examine the impact that
conservation has on grassland ecosystems and the optimum time period for grassland conservation
based on the temporal trends in the difference in biophysical parameters between five different
ecological comparison sites. Among all the biophysical parameters, litter cover, green cover and
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fresh biomass were collected from field work directly; soil organic matter was measured by lab
experiments based on the field soil samples while biodiversity was calculated based on ShannonWiener’s diversity algorithm (Equation 3-3):

𝐻 = − ∑𝑠𝑖=1 𝑃𝑖 × ln(𝑃𝑖 )

(3-3)

where H is Shannon-Wiener’s biodiversity; s is total number of species; and Pi is the portion of
species i relative to the total number of species.

Figure 3-3 Flowchart of methodology of this study
Note: “G” and “U” represent the grazing sites outside GNP and conserved sites inside GNP (see
Equation 3-4 and Equation 3-5.
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3.5.1 The difference between ecological comparison sites
The grasslands inside GNP appear to be different than the grazing prairie outside GNP,
according to the Landsat images (Figure 3-1) taken when GNP was under conservation actions.
Therefore, the differences between biophysical parameters (“Δbiophysical parameters” from
Figure 3-3; e.g. “G.biodiversity–U.biodiversity,” Equation 3-4), rather than the biophysical
parameters themselves, were measured by the difference in TM bands (“ΔTM bands” from Figure
3-3; e.g. “G.TM5–U.TM5”, Equation 3-5). More importantly, the trends of Δbiophysical
parameters between ecological comparison sites manifest the impacts of conservation on grassland
ecosystems because they minimize the climate effects by calculating the differences in biophysical
parameters between grazing sites and conserved sites. In addition, some of the biophysical
parameters, such as litter cover (Xu et al. 2014) and biodiversity (Wang et al. 2010), are hard to
measure using multispectral images (e.g. Landsat images) directly.
𝐺0. 𝑏𝑖𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 − 𝑈0. 𝑏𝑖𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦
𝐺1. 𝑏𝑖𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 − 𝑈1. 𝑏𝑖𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦
𝐺. 𝑏𝑖𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 − 𝑈. 𝑏𝑖𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 = 𝐺2. 𝑏𝑖𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 − 𝑈2. 𝑏𝑖𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦
𝐺3. 𝑏𝑖𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 − 𝑈3. 𝑏𝑖𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦
{𝐺4. 𝑏𝑖𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 − 𝑈4. 𝑏𝑖𝑜𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦}

(3-4)

where “G.biodiversity–U.biodiversity” is the difference in biodiversity between grazing sites and
conserved sites; and “G0.biodiversity–U0.biodiversity” is the difference in biodiversity between
site G0 and site U0 (refer G0, U0, G1, U1, G2, U2, G3, U3, G4, U4 to Table 3-1).
𝐺0. 𝑇𝑀5 − 𝑈0. 𝑇𝑀5
𝐺1. 𝑇𝑀5 − 𝑈1. 𝑇𝑀5
𝐺. 𝑇𝑀5 − 𝑈. 𝑇𝑀5 = 𝐺2. 𝑇𝑀5 − 𝑈2. 𝑇𝑀5
𝐺3. 𝑇𝑀5 − 𝑈3. 𝑇𝑀5
{𝐺4. 𝑇𝑀5 − 𝑈4. 𝑇𝑀5}
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(3-5)

where “G.TM5–U.TM5” is the difference in reflectance of band 5 between grazing sites and
conserved sites; and “G0.TM5–U0.TM5” is the difference in reflectance of band 5 between site
G0 and site U0 (refer G0, U0, G1, U1, G2, U2, G3, U3, G4, U4 to Table 3-1).
3.5.2 Correlation test, normalizing two ΔTM bands, and linear regression in R software
Correlation tests were conducted in R software ver. 2.14.1 (R Development Core Team
2011). Correlation was tested between Δbiophysical parameters (including “G.biodiversity–
U.biodiversity,” “G.litter cover–U.litter cover,” “G.soil organic–U.soil organic,” “G.fresh
biomass–U.fresh biomass,” and “G.green cover–U.green cover”) and ΔTM bands, including
(“G.TM1–U.TM1,” “G.TM2–U.TM2,” “G.TM3–U.TM3,” “G.TM4–U.TM4,” “G.TM5–U.TM5,”
“G.TM6–U.TM6,” and “G.TM7–U.TM7”) (Table 3-1). If the Δbiophysical parameter was just
highly related with one ΔTM band, then the linear regression was performed between the
Δbiophysical parameter and that one ΔTM band. If the Δbiophysical parameter was correlated with
two ΔTM bands (one had a negative correlation and another had a positive correlation), then the
two ΔTM bands were normalized into one value with assigned weights. For example,
“G.biodiversity–U.biodiversity” is positively related to “G.TM6–U.TM6” and negatively related
to “G.TM5–U.TM5,” so “G.TM6–U.TM6” and “G.TM5–U.TM5” were normalized as
2×(𝐺.𝑇𝑀5−𝑈.𝑇𝑀5)−(𝐺.𝑇𝑀6−𝑈.𝑇𝑀6)
2×(𝐺.𝑇𝑀5−𝑈.𝑇𝑀5)+(𝐺.𝑇𝑀6−𝑈.𝑇𝑀6)

to

enhance

the

correlation

with

“G.biodiversity–

U.biodiversity” and then the linear regression was performed between the normalized value and
“G.biodiversity–U.biodiversity.”
3.5.3 Temporal analysis in R software
There were about 4 to 6 images (from May to September) in each year from 1984 to 2011,
except only two images in 2010, ten images in 2009 and 8 images in 2011. Because the calculation
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for difference between ecological comparison sites also minimizes the seasonal variations from
May to September, the variation of the Δbiophysical parameter between the paired grazing site and
conserved site within one year is low. The median value of the Δbiophysical parameter within a
year was selected to represent the Δbiophysical parameter value of that year, then the temporal
trend of the Δbiophysical parameter was plotted with a smooth curve based on loess function
(package of ggplot 2 in R 2.14.1). Loess function is a smooth local regression for ‘geom_smooth’in
ggplot 2 for a small sample size, which is controlled by the parameter ‘span’ (Wickham 2009)
ranging from 0 (exceedingly wiggly smooth curve) to 1 (not so wiggly smooth curve). In this study,
the parameter ‘span’ was set from the range 0.5 to 0.9 depending on the variation of the temporal
data (Figure 3-5, 3-6, 3-7, 3-8 and 3-9). The turning point of each temporal trend was determined
from the smooth curve.
3.6

Results

3.6.1 The difference in biophysical parameters between the ecological comparison sites
Fresh biomass and soil organic matter were only collected in 2004 and 2005, so they only
have 8 paired samples. However, litter cover, green cover and biodiversity were collected in 2003,
2004 and 2005. In 2003, the data for G1 was collected on July 3rd and the data for U1 was collected
on July 16th. The 13 days difference in collecting field data in the growing season would affect the
fraction coverage of litter and green vegetation, so the sample size for litter cover and green cover
is reduced to 12. However, the time difference in collecting data will not influence biodiversity
because biodiversity was calculated based on the number of the plants for different species and the
C3 and C4 plants were green up during that season.
The difference in biodiversity between grazing sites and conserved sites (“G.biodiversity–
U.biodiversity”) has a negative correlation with “G.TM5–U.TM5” (r = –0.51, p<0.05) and a
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positive correlation with “G.TM6–U.TM6” (r = 0.67, p<0.05). When the assigned weight for
“G.TM5–U.TM5” is 2, “G.biodiversity–U.biodiversity” has the strongest linear relationship with
the normalized value

2×(𝐺.𝑇𝑀5−𝑈.𝑇𝑀5)−(𝐺.𝑇𝑀6−𝑈.𝑇𝑀6)
2×(𝐺.𝑇𝑀5−𝑈.𝑇𝑀5)+(𝐺.𝑇𝑀6−𝑈.𝑇𝑀6)

(Figure 3-4, R2 = 0.586, p<0.05). The

relationship between the difference in soil organic matter % (“G.soil organic–U.soil organic”) and
the difference in TM band 5 (“G.TM5–U.TM5”) forms a linear relationship (Figure 3-4b, R2 =
0.672, p<0.05). The difference in litter cover between the paired grazing site and conserved site is
reflected by the difference thermal band (“G.TM6–U.TM6) and they have a negative linear
relationship (Figure 3-4c, R2 = 0.605, p<0.05). The difference in the reflectance of TM4 represents
the difference in fresh biomass based on a positive linear relation (Figure 3-4d, R2 = 0.546, p<0.05).
The difference in green cover (including grass coverage and forb coverage) has a negative linear
relationship with the difference in TM7 between the paired grazing site and conserved site (Figure
3-4e, R2 = 0.579, p<0.05).
The relationship between Δbiophysical parameters and ΔTM bands also indicates that 1) a
larger percentage of soil organic matter causes the decrease in the reflectance in TM band 5; 2)
the increase of litter cover reduces the surface temperature; 3) the higher reflectance in the TM
thermal band and the lower reflectance in TM band 5 are the two indicators of richer biodiversity
in the study area; 4) a larger amount of fresh biomass is represented by a higher reflectance of
TM near-infrared band (TM4); and 5) a higher reflectance in TM band 7 is one of the indicators
of higher green vegetation coverage.
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Figure 3-4 The relationship between Δbiophysical parameters and ΔTM bands
Note: “G” and “U” represent the grazing sites outside GNP and conserved sites inside GNP (see Equation 3-4 and Equation 3-5); a is for
Δbiodiversity; b is for Δsoil organic matter; c is for Δlitter cover; d is for Δfresh biomass; e is for Δgreen cover.

3.6.2 The temporal dynamic of biophysical parameters
When the conserved sites (U0, U1, U2, U3 and U4) were acquired as GNP, the biodiversity
of the grazing sites (G0, G1, G2, G3 and G4) were larger than their paired conserved sites. It took
3 years of conservation for U0, 7 years of conservation for U2 and 5 years of conservation for U4
to reach the same level of biodiversity as their paired grazing sites (Figure 3-5). The biodiversity
in U3 slightly increased during the time period when U3 was designated as GNP (from 1987 to
1994, Figure 3-5, G3–U3). From the paired sites of G0 and U0, the difference in biodiversity
(“G0.biodiversity–U0.biodiverstiy”) increased gradually back to around 0.1 within another 4 years
(from 1988 to 1992), and remained stable after 1992 (Figure 3-5, G0–U0). A similar trend with the
difference in biodiversity also appeared in G4 and U4. The difference in biodiversity between G4
and U4 decreased from 1996 to 2001 after it increased from 1991 to 1996 (Figure 3-5, G4–U4).
After reaching the same level of biodiversity in G2, the biodiversity of U2 reached a stable stage
from 1992 to 2005 (Figure 3-5, G2–U2). However, the difference in biodiversity between G1 and
U1 remained stable from 1990 to 2000, then increased from 2000 to 2005 (Figure 3-5, G1–U1).
After grazing was re-introduced, the biodiversity of both U1 and U2 relatively increased, compared
to the biodiversity of G1 and G2 (Figure 3-5).
The soil organic matter of the grazing sites was about 2.5–5% more than that of the paired
conservation sites at the time that the conservation sites were acquired as park area (Figure 3-6).
Compared to soil organic matter in the grazing sites, soil organic matter in the conserved sites first
increased over several years, which were 9 years for both U0 and U2, from 1985 to 1994, and 7
years for U1, from 1990 to 1997 (Figure 3-6, G0–U0, G1–U1, G2–U2). The relative changes in the
difference of soil organic matter were very slight after it reached the maximum level (Figure 3-6,
G0–U0, G1–U1, G2–U2). The soil organic matter of U3 relatively increased about 5%, compared
to that of G3 in the whole period when U3 was assigned as park area from 1987 to 1994 (Figure 371

6, G3–U3). In the paired sites of G4 and U4, the change in the difference in soil organic matter
which happened in two time periods (from 1991 to 1996 and from 2001 to 2007) was not as obvious
as the other 4 ecological sites compared, but the trend still shows that the soil organic matter of the
conserved site U4 was increasing along with grassland conservation. From the trends in the
difference in soil organic matter for paired sites G1 and U1 as well as G2 and U2, soil organic
matter slightly decreased after grazing was re-introduced around 2006 (Figure 3-6, G1–U1, G2–
U2).
Fresh biomass includes biomass of green vegetation (shrub, forb, grass, and etc.) and dead
mass (litter and standing dead material), as well as water content inside the vegetation tissues. From
the difference in the temporal trend of fresh biomass between five paired sites, fresh biomass of
the conserved sites was about 40–80 g more than that of the grazing site at the year the conservation
site was acquired as park. However, the fresh biomass of the conservation sites gradually became
similar to that of the grazing sites during the 7 years for U0, from 1985 to 1992 (Figure 3-7, G0–
U0), and U1 from, 1990 to 1997 (Figure 3-7, G1–U1), as well as 10 years for U2, from 1985 to
1995 (Figure 3-7, G2–U2). The different in fresh biomass between U3 and G3 gradually decreased
to zero during the period from 1987 to 1994 when U3 was assigned inside GNP (Figure 3-7, G3–
U3). After the fresh biomass reached similar levels in both grazing sites and conserved sites, the
similarity of fresh biomass between G0 and U0 remained stable, while the fresh biomass of U1 and
U2 slightly decreased, relative to G1 and G2 (Figure 3-7, G0–U0, G1–U1, G2–U2). The fresh
biomass of U4 slowly decreased and finally became similar to that of the fresh biomass of G4, from
2001 to 2007, instead of beginning to decrease after U4 was acquired for GNP (Figure 3-7, G4–
U4).
At the beginning of the conservation actions in GNP for U0, U1, U2, U3 and U4, litter
cover of the five conserved sites was similar to that of their paired grazing sites (Figure 3-8). The
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fraction of litter cover became relatively higher and higher in the conserved sites when compared
to the grazing sites along with the ongoing conservation actions (Figure 3-8, G0–U0, G1–U1, G2–
U2, G3–U3). Since U0 was acquired as park area in 1985, litter cover in site U0 gradually increased
compared to that of G0 over 10 years, and stayed at the maximum fraction after 1995 (Figure 3-8,
G0–U0). It took 8 years for site U1, 10 years for U2, and 7 years for U3 (U3 was designated inside
GNP for 7 years from 1987 to 1994) to get the relative maximum litter accumulation (Figure 3-8,
G1–U1, G2–U2, G3–U3). After bison were re-introduced in GNP, the difference in litter cover
among the conserved sites decreased to a similar amount as that in the grazing sites (Figure 3-8,
G0–U0, G1–U1, G2–U2, G3–U3). However, the litter cover of G4 and that of U4 showed almost
no change from 1991 when U4 was acquired as park until grazing was re-introduced in U4 (Figure
3-8, G4–U4).
From the trends in the difference in green cover between the grazing sites and conservation
sites, the green cover of the conserved sites was less than that in the grazing sites (Figure 3-9). The
difference in green cover between grazing sites and conserved sites decreased from about 10% (5–
15%) to nearly 0% during a 6 or 7 year period since the conserved site was acquired as park (Figure
3-9, G0–U0 from 1985 to 1992; G1–U1, from 1990 to 1996; G2–U2, from 1985 to 1992; G4–U4,
from 1991 to 1997). In the pair sites of G3 and U3, the difference in green cover (G3.green cover–
U3.green cover) gradually decreased from about 5% to 0% from 1987 to 1994, which was the entire
time period when U3 was assigned inside GNP (7 years, Figure 3-9, G3–U3). After bison were reintroduced in the conserved sites, the green cover of U0 improved compared to G0, while that of
U1, U2 and U4 decreased compared to G1, G2 and G4 respectively (Figure 3-9).
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Figure 3-5 Temporal change of biodiversity difference between five pair of grazing and conserved sites
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Figure 3-6 Temporal change of soil organic matter difference between five pair of grazing and conserved sites
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Figure 3-7 Temporal change of fresh biomass difference between five pair of grazing and conserved sites
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Figure 3-8 Temporal change of litter cover difference between five pair of grazing and conserved sites
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Figure 3-9 Temporal change of green cover difference between five pair of grazing and conserved sites

3.7

Discussion

3.7.1 Δbiophysical parameters and ΔTM bands
Climate variability affects the assessment of the impact that grassland management has on
grasslands because climate change and grassland management are both major factors that influence
the condition of grassland ecosystems (Jones and Donnelly 2004). When analyzing trends in the
impact of grassland management on grassland conditions, seasonal variation is one factor which
affects temporal trends because of the variations in the stages of vegetation penology. However,
the calculation of Δbiophysical parameters between the pairs of grazing sites and conserved sites
not only minimizes climate effects on the ecological comparison sites but also the seasonal effects.
For a pair of grazing sites and conserved sites (e.g. G0 and U0), the climate condition and even the
micro-climate condition of them both is very similar at any given time because they are located
close to each other and their topography is the same. Because the composition of species is similar
in the pair of sites, the stage of phenology is also similar at the same time. Therefore, when
subtracting the biophysical parameters from the grazing site to the conservation site, the effects of
those factors with a similar intensity (climate change and seasonal variation in this study) on the
pair sites are largely reduced, while the impacts of the factors with different intensities (grassland
management, e.g. grassland conservation and re-introduce grazing after 2006 in the conserved sites,
and grazing management in the grazing sites) are highlighted.
Previous studies indirectly measured soil organic matter using red and near-infrared bands
(Fox and Sabbagh 2002) and directly measured soil organic matter by near-infrared and shortwave
infrared bands (e.g. TM band 4 and 5) (Bhatti et al. 1991) or by visible, near-infrared and shortwave
infrared bands together (Ben-Dor et al. 1997). In this study, the shortwave infrared band is sensitive
to the difference in soil organic matter between the grazing site and the paired conservation sites.
79

In the literature, litter cover is hard to extract from multiple spectral RS imagery (e.g. Landsat TM)
because litter and soil have similar spectral characteristics and the difference in the spectral signals
between them is only obvious at the wavelength of 2.1 μm (Nagler et al. 2000). The results of this
study, that the thermal band is sensitive to litter cover difference, proves the ecological function in
the theory that litter reduces the ground surface temperature (Xu et al. 2014). Biomass (Tucker
1979; Tucker et al. 1985; Jianlong et al. 1998) and green cover fraction (Curran and Steven 1983;
Gutman and Ignatov 1998; Xiao and Moody 2005) are the two most common biophysical
parameters to be measured using a RS approach in the literature, and they are both measured by
red and near-infrared channels because of the special spectral characteristics of green vegetation in
red and near-infrared bands. In this research, the near-infrared band is significantly related to the
difference in biomass compared to the red band, while the difference in green cover fraction is
obvious in the second shortwave infrared channel of TM images (TM7). In the study area, the dead
component is a noise for the extraction of green coverage from the Landsat images (Xu and Guo
2013), however, green vegetation and dead component (dry mass) have a very different moisture
content and so moisture content is an indicator of the difference in relative green cover fraction.
The higher the percentage of green cover is, the more moisture content there is, which shows in the
images that the reflectance of TM7 is lower because TM7 is sensitive to moisture content. A direct
method for assessing biodiversity using RS is to map the distribution of individual species (e.g.
identifying individual trees in forest [Turner et al. 2003, Duro et al. 2007]). It is nearly impossible
in grassland to map individual grass species or other herbaceous/shrub species, so researchers
calculate land cover diversity from mapping land cover types (e.g. grass, shrub, litter and bare soil)
instead of evaluating species biodiversity directly (Muldavin et al. 2001). Mapping species habitats
is a method for assessing biodiversity indirectly (Nagendra 2001; Turner et al. 2003) because many
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species are restricted to special environmental factors (e.g. soil moisture, soil type, topography,
etc.).
3.7.2 The interactions between biophysical parameters
The results indicate that biodiversity interacts with litter cover and soil organic matter
because TM5 and TM6 are both sensitive to changes in biodiversity. The difference in TM6
between grazing and conservation sites has a positive correlation with the difference in biodiversity
but a negative linear relationship with litter cover. Therefore, litter cover has a negative correlation
with biodiversity in the study area, which is consistent with the findings of previous research that
species richness declines as litter mass increases (Lamb 2008). Both the difference in biodiversity
and the difference in soil organic matter between the pair of grazing and conserved sites has a
negative relationship with “G.TM5–U.TM5”, which shows that the increases in soil organic matter
contributes to increasing species richness in the study area (mixed grassland).
In the first three to five years after the conservation sites were acquired as park, biodiversity
relatively increased in the conserved sites compared to the grazing sites, while soil organic matter
and litter cover also increased in the conserved sites. It indicates that soil organic matter contributes
more to biodiversity than litter cover in the beginning, when the sites were conserved, because
biodiversity increased when soil organic matter increased and it decreased when litter cover
increased. However, after it peaked, biodiversity started to decrease in the conserved sites in the
following 4 to 5 years, which indicates that litter cover became a primary factor in the changes
among biodiversity, rather than soil organic matter. For the pair of G4 and U4, the difference in
biodiversity shared a similar trend with the difference in soil organic matter because the difference
in litter cover barely changed at all through the conservation time of U4, from 1991 to 2006.
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3.7.3 The impacts of grassland conservation on grasslands
The impacts of conservation actions on grasslands were significant during the first 9 years,
roughly (anywhere from 7 to 10 years), and then the value of biophysical parameters stayed at the
extremum after roughly 9 years until the re-introduction of grazing broke the stability of the
different biophysical parameters. Biodiversity had unique temporal trends after the sites were
conserved (grazing was removed). During the first 3 to 5 years under the conservation action, the
main factor influencing biodiversity was soil organic matter. When large grazers were removed in
prairie, more dry mass decomposed, which improved the soil organic matter instead of being
removed by the grazers. Soil with higher organic matter provided nutrients for additional plant
species to grow and, as a result, biodiversity increased. However, after 3 to 5 years of accumulation,
the dry mass formed a dense litter layer which had a negative effect on species biodiversity. Thus,
biodiversity in the conservation sites decreased in another 4 or 5 years. Conservation actions
improved soil organic matter during the first 7 to 9 years (7 years for U1 and 10 years for both U0
and U2) and accumulated litter until reaching the maximum level within roughly 8 to 10 years (8
years for U1 and 10 years for both U0 and U2), which means soil organic matter reached the
maximum amount a year earlier than the litter accumulation. Under conservation actions, the
greenness increased gradually in 6 or 7 years and the amount of fresh biomass decreased in the first
7 to 10 years.
3.7.4 The impacts of re-introducing grazing on grasslands
After grazing was re-introduced, biodiversity, soil organic matter, litter cover and green
cover changed in reverse of the initial changes when the sites first began to be conserved. However,
the changes after grazing was re-introduced in U1 and U2 were much more obvious than other
conservation sites. The reason is that the bison stayed in the northeast part of GNP for about two
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years after they were introduced to the park area. A Landsat TM image acquired on August 7th,
2008 supports this conclusion because the northeast area became similar to the surrounding
pastures first, rather than to other areas in the park (Figure 3-1, 08/07/2008). Fresh biomass did not
have any significant changes in the conservation sites compared to the grazing sites after grazing
was re-introduced in 2006.
Because G4 is the only grazing site where the grazing intensity is extremely low, the
changes in the difference between biophysical parameters G4 and U4 were not as obvious as the
other sites being compared. There was almost no difference in litter cover between the grazing site
with low grazing intensity (G4) and the conservation site (U4). However, other biophysical
parameters, including biodiversity, soil organic matter, biomass and green cover, differed under
low intensity grazing from those under grassland conservation actions.
3.7.5 The impacts of conservation actions on native grasslands and cultivated lands
GNP was formed from both non-converted native grasslands and cultivated lands. However,
the five ecological comparison sites used in this study were all non-converted native grasslands
before and after the conservation sites were acquired as park area. Therefore, the results of this
study may not represent the grasslands transformed from cultivated lands. In grasslands which were
converted from cultivated lands, the species composition would be modified and it might contain
invasive species (Adams et al. 2005). However, the impact that conservation has on grasslands that
have been converted from cultivated lands still needs to be studied further.
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3.8

Conclusions
Based on the results of this Chapter, the impacts of grassland conservation vary from the

five biophysical parameters (biodiversity, soil organic matter, fresh biomass, litter cover and green
vegetation cover). Comparing to grazing management, grassland conversation improved soil
organic matter, litter accumulation and green cover, decreased the amount of fresh biomass, while
enrich biodiversity first and then decreased biodiversity.
The time lags for the significant influences of grassland conservation are different from
biodiversity, soil organic matter, fresh biomass, litter cover and green cover. Biodiversity in
conserved grasslands increased gradually in the first 3 to 5 years, decreased gradually over the next
4 or 5 years, and then stabilized after that. Conservation actions caused litter to accumulate until
peaking after roughly 8 to 10 years, and did not improve litter accumulation after it reached the
maximum. Soil organic matter increased and reached its maximum value one year less than litter
accumulation under conservation action. Fresh biomass decreased over a period of 7 to 10 years
under conservation and remained nearly unchanged after that, while green vegetation fraction was
also increased by conservation action in about 6 or 7 years.
In addition, soil organic matter is the primary factor of biodiversity in the grasslands with
low litter accumulation, while high-density litter layers are the primary cause of decreases in
biodiversity. The impact of low intensity grazing on the speed of litter accumulation is similar to
that of conservation actions, while the temporal changes in biodiversity, soil organic matter, fresh
biomass and green cover under low intensity grazing are different from those under grassland
conservation.
The results of this Chapter provides the fundamental information for grassland managers
about the impacts of conservation on grasslands comparing to grazing management with different
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grazing intensity. More importantly, the results of this research imply the time to adjust the
grassland management policies with different grassland management purpose.
To extend Objective 2 to the whole area of GNP instead of ecological comparison sites, the
challenge of separating grassland response to grassland management and climate variability
quantitatively needs to be overcomed (Objective 3, Chapter 5).
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CHAPTER 4: A STUDY OF SOIL LINE SIMULATION FROM
LANDSAT IMAGES IN MIXED GRASSLAND
4.1

Preface
Dead material, soil and soil crust background have great effects on the extraction of green

vegetation, especially in long-term conserved grassland. The purpose of Chapter 4 is the
preparation of extracting the leaf area index (LAI) from optical RS images for Chapter 5. The
results of this chapter have been published as a research paper:
Xu D. and X. Guo (2013) A study of soil line determination from Landsat images in mixed
grassland. Remote Sensing, 5(9): 4533-4550, doi: 10.3390/rs5094533.
Dandan Xu collected the satellite images, designed the research and wrote the manuscript.
Dr. Xulin Guo supervised the research process and revised the manuscript. The authors of this
article hold the copyright of this article because it is published in an open access journal.
4.2

Abstract
The mixed grassland in Canada is characterized by low to medium green vegetation cover,

with a large amount of canopy background, such as NPV residuals (litter), bare soil, and ground
level biological crust. It is a challenge to extract the canopy information from satellite images
because of the influence of canopy background. Therefore, this study aims to extract a soil line, a
representation of bare soil with litter and soil crust in the surface, from Landsat images to reduce
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the background effect. Field work was conducted in the West Block of GNP in Canada, which
represents the northern mixed grassland from late June to early July 2005. Six TM images with
either no or only a small amount of cloud content were collected in 2005. In this study, soil lines
were extracted directly from images by quantile regression and the (R, NIRmin) method. The
results show that, (1) both cloud and cloud shadow have obvious influence on simulating soil line
automatically from images; (2) green up and late senescence seasons are relatively better for soil
line simulation; (3) the (R, NIRmin) method is better for soil line simulation than quantile
regression to extract green biomass or green cover information.
4.3

Introduction
Grassland ecosystems, characterized by high amounts of carbon stock, are one of the main

terrestrial ecosystems besides forest, tundra, and cropland ecosystems, which provides multiple
habitats for wildlife (Zhang and Guo 2007). More importantly, grasslands provide a variety of
ecosystem services as mentioned in the introduction of this dissertation. For grassland monitoring,
biomass is an indicator of grassland productivity and grazing capacity while playing an important
role in understanding ecosystem response to disturbances such as climate change, grazing intensity,
and extreme weather events (flood and drought, Eisfelder et al. 2010). Vegetation indices extracted
from remotely sensed data have a high correlation with green biomass and green cover (Frank and
Karn 2003, Feng et al. 2005, Bao et al. 2008, Shen et al. 2008, Chen et al. 2009), which have the
advantages of large scale biomass and cover estimation and long term biomass and cover change
evaluation. However, soil along with ground level biological crust and covered vegetation residuals
(litter) presents a problem to the interpretation of vegetation indices (Zhang and Guo 2008).
Richardson and Wiegand (1977) first introduced the concept of soil line and PVI to reduce
interruption from the soil background when extracting vegetation signals from Landsat MSS images.
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Soil line is “a line which shows the linear relationship between near-infrared (NIR) reflectance and
red (R) reflectance of bare soil” (Fox et al. 2004). Theoretically, the main factor that characterizes
soil line is soil type because of variation in organic matter and chemical components. In addition, soil
line is also influenced by soil surface condition (e.g., roughness and vegetation residuals) (Baret et
al. 1993, Galvao and Vitorello 1998). However, soil line does not vary from soil brightness (caused
by soil moisture (Jaishanker et al. 2006) and roughness (Yoshioka et al. 2009)) without soil type
changing. Soil line concept has been widely accepted to interpret remotely sensed imagery (Baret
et al. 1993), especially to normalize soil background effect for vegetation discrimination (Huete et
al. 1985). Some vegetation indices are designed based on soil line, such as PVI, ATSAVI (Baret
and Guyot 1991) and TSAVI (Baret et al. 1989) to minimalize the effect of soil background. Studies
based on soil line are also in estimation of fractional cover (Gitelson et al. 2002), vegetation
residual cover (Thoma et al. 2004), soil organic matter (Fox and Sabbagh 2002, Fox and Metla
2005) and soil degradation (Wang et al. 2008). Besides, because soil line is relatively stable for a
certain soil type, Jaishanker et al. (2006) applied soil line transformation method to relative
atmospheric correction and Stabile and Searcy (2009) indicated that the crop parameter can be
compared directly from multi-temporal images after the images are normalized to a reference soil
line.
Commonly, researchers conducted indoor experiments (Baret et al. 1993), simulated
models (for example, radioactive simulation model) (Paz-Pellat et al. 2011), or tested the
reflectance of soil samples from field work to obtain soil lines. Fox et al. (2004) developed an
automated method for extracting soil lines from remotely sensed images in cropland that fits a
linear regression by deriving a set of minimum near-infrared digital numbers across R and NIR
bands while removing contradicting soil line pixels with an iterative process. Unlike cropland,
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grassland which is long term conserved has more soil crust (moss and lichen) and litter coverage
and more heterogeneous vegetation structure. Therefore, this study aims to develop a suitable
method to extract the soil line from Landsat images automatically. The objectives of this study are
as follows, (1) to examine the ability of quantile regression and (R, NIRmin) method for extracting
soil lines from a two dimensional scatter plot of NIR and R bands; (2) to test the best time period
for extracting soil lines linked with vegetation phenological sections; (3) to evaluate the cloud
effect on extracting soil lines; (4) to compare soil lines extracted directly from imagery and the soil
line obtained from reflectance of dug soil samples.
4.4

Materials

4.4.1 Field data
Field work was conducted in late June and early July of 2005; the maximum growing season
of the northern mixed prairie. Twenty-six sites were selected based on a stratified random design
and accessibility with 8 sites in upland, 4 sites in sloped land, and 14 sites in valley grassland
(Figure 4-1). Refer to section “2.4.1 Field data” for the quadrat structure in each plot, collection of
field data and the pre-process of field data. To correlate with data from satellite imagery, all the
biomass data, ground percentage, and soil reflectance was averaged for each individual site. Soil
reflectance and dead material reflectance of R and NIR bands were averaged by R band location
and NIR band location of Landsat images, respectively.
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Figure 4-1 Sample sites for soil line estimation in the west block of GNP
4.4.2 Satellite images
Table 4-1 contains the information of all the Landsat images which were downloaded from
the United States Geological Survey (USGS) website, including six TM images with no or small
amounts of cloud content. All the images acquired from the USGS website had already been
geometrically corrected, so image preprocessing only included atmospheric correction.
Atmospheric correction was conducted in PCI Geomatica using the ATCOR2 algorithm. After
atmospheric correction, all the images were clipped into the study area. The spatial resolution of
all the images was 30m × 30m and the projection was WGS_1984_UTM_Zone_13N.
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Clouds in the two cloudy images were masked manually (Figure 4-2) in ArcGIS and
percentage of cloud content in Table 4-1 was calculated by “(1-area of cloud masked image/area of
west block) × 100%”.
Twenty-three MOD13Q1 NDVI images (MODIS Vegetation indices with 16-day 250m
product) were acquired from the USGS website. The MOD13Q1 images were used for testing the
vegetation phenology. NDVI images, registered to a UTM projection, were acquired by processing
MODIS images using the MODIS Reprojection Tool.
Table 4-1 Acquisition dates and cloud cover of Landsat TM images

4.5

Id File Name

Date

Sensors

Cloud%

1

LT50370262005115PAC01

25 April 2005

TM

0

2

LT50370262005131PAC01

11 May 2005

TM

0

3

LT50370262005195PAC01

14 July 2005

TM

0

4

LT50370262005211PAC01

30 July 2005

TM

0

5

LT50370262005243PAC01

31 August 2005

TM

24.1

6

LT50370262005291PAC01

18 October 2005

TM

27.5

Methods
The two dimensional scatterplot of NIR band and R band is a fan shape scatter plot (Figure

4-3). The bottom line of this fan shape represents the soil line (Fox et al. 2004). In this study, two
statistical methods, discussed in Sections 4.1 and 4.2, were chosen to quantify this line.
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Figure 4-2 Images with cloud cover for soil line extraction (before and after removing cloud)

4.5.1 Linear regression of a set of (R, NIRmin)
The direct way to extract the bottom line of scatter plot is to fit the linear regression of a set of
points characterized by minimum NIR value within the certain R values, which is named the
(R, NIRmin) “method” in this paper. Fox et al. (2004) introduced an automated soil line identification
routine based on the basic idea of the (R, NIRmin) method. The linear regression of a set of (R, NIRmin)
was conducted in R software. Firstly, the whole dataset was divided into several datasets with 0.005
intervals of R reflectance (0 < R ≤ 0.005, 0.005 < R ≤ 0.01, 0.01 <R ≤ 0.015…0.630 < R ≤ 0.635).
Secondly, one point with minimal NIR value (R, NIRmin) was selected in each divided dataset.
Finally, a general linear model was fitted for those points (R, NIRmin) (Figure 4-3). The dataset for
Figure 4-2 and Figure 4-3 were the R and NIR reflectance of TM 2005-07-14 within the study area
which were rounded off to two decimal places (This transformed reflectance was not used in any
analysis of this study and it was just used here to show the basic concept of the two methods).

Figure 4-3 Linear regression of a set of (R, NIRmin) from a Landsat image
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4.5.2 Quantile regression
After it was first introduced by (Koenker and Bassett 1978), quantile regression is gradually
becoming a comprehensive linear and non-linear regression method (Koenker and Machado 1999).
Instead of focusing on the mean, quantile regression fits the linear or non-linear regression on the
selected quantile (0–1) of the distribution of the response variable (Tsionas 2003, Young et al.
2008, Cade et al. 2011). Because quantile regression fits regression curves to part of the
distribution, this method has proved its ability to extract boundary lines in two-dimensional scatter
plots (Mills et al. 2006, Mills et al. 2009). In this study, quantile regression was conducted in R
software for extracting the bottom boundary line in NIR vs. R scatter plots (Figure 4-4). Instead of
setting the quantile to zero for extracting the bottom line in this study, the quantile was set by “the
number of points below the bottom line” divided by “total number of points”. In most situations,
the fan shape scatter plot showed a clear, straight bottom boundary line with some points below
this bottom boundary. By setting the quantile to zero in those situations, all the points would be
above the simulated line. Therefore, extracting the bottom line from the scatter plots with some
outliers with lower NIR reflectance, the quantile of quantile regression was set as a number close
to zero but not zero, for example, 0.00001.
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Figure 4-4 Quantile regression of a set of R and NIR reflectance from a Landsat image
Note: the blue solid line is 0.1% quantile regression line; the red dash line is linear regression
for the whole dataset and it is also the 50% quantile regression.
4.5.3 Vegetation phenological stages
Besides investigating the method for extracting soil lines, examining when the best time
period to identify soil lines will also be tested. Grassland composition (the percentage of green
grass, bare soil and dead material) varies from vegetation phenological stages. As a result, the
structure of the scatter plots change dramatically through different vegetation phenological phases.
The three main vegetation phenological stages are green-up, maturity, and senescence. The
vegetation phenology was assessed by the curvature-change rate method which was developed by
Zhang et al. (2003). This method has the ability of vegetation phenological stage examination at

95

large scales by using MODIS vegetation index products. In this study, the mean NDVI of the whole
study area was obtained by zonal statistics in ArcGIS software.
4.5.4 Validation of soil line
Vegetation indices (Table 4-2), based on soil line parameters (ATSAVI, TSAVI and PVI),
were used to compare soil lines extracted from this study with the soil lines estimated from bare
soil reflectance. These vegetation indices were also used to evaluate the soil lines extracted from
this study by comparing their ability to extract green biomass and green cover through NDVI. To
correlate with the field data collection date, only TM 2005-07-14 was used to calculate the
vegetation indices.
Table 4-2 Vegetation indices based on soil line parameters and NDVI
Vegetation Index

ATSAVI

TSAVI

PVI

NDVI

Algorithm

ATSAVI 

a* ( NIR  aR  b* )
aNIR  R  ab  X (1  a 2 )

TSAVI 

PVI 

a ( NIR  aR  b)
aNIR  R  ab

Citation
(Baret and Guyot
1991)

(Baret et al. 1989)

NIR  aR  b

(Richardson and

1 a2

Wiegand 1977)

NIR  R
NIR  R

(Rouse et al. 1974)

NDVI 

a* means the slope of soil line; b means the intercept of soil line; X = 0.08.
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4.6

Results and discussion

4.6.1 Cloud effect on soil line extraction by two methods
In Figure 4-5, cloud pixels have high R and NIR value and cloud shadow pixels have low
R and NIR value in the scatterplots of cloudy pixels. The cloud and cloud shadow effect of soil
line by both methods are really obvious. For both images, cloud and cloud shadow lessen the slope
of extracted soil lines. Cloud and cloud shadow usually have similar reflectance in both R and NIR
bands, which means the points representing cloud and cloud shadow are in line “NIR = R” in the
scatter plot of two dimension with NIR and R bands. In this case, both images actually have soil
line slopes over 1 (Figure 4-5 without cloud), so the consequence of cloud effects is a lower slope
for soil lines. Otherwise, if the slope of actual soil line is lower than 1, then the cloud effect would
result in a higher slope. In addition, cloud and cloud shadow pixels cause more difference of both
slope and intercept of soil lines with the (R, NIRmin) method than that with quantile regression.
4.6.2 Soil line extracted by the two methods
From the result of vegetation phenological stage testing for 2005, vegetation started to green
up in the middle of April, became mature in middle and late June, and senesced through early July
to middle October.
The scatter plots images, in the green up section, contain some sparse points in both high
and low R value parts (Figure 4-6) which poses challenges for extracting soil lines from those
images. In the scatterplots, the bottom boundary is clearly a straight line excluding some sparse
points. The soil lines extracted by the (R, NIRmin) method are closer to the straight bottom line than
that by quantile regression. It has been exhibited previously that quantile regression is influenced
by the outliers in the X axis (Mills et al. 2006). With the two images about 15 days different (Figure
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4-6), the different slope and intercept extracted from quantile regression is much higher than that
extracted from the (R, NIRmin) method, which also means the sparse points below the bottom line
cause some challenge for quantile regression to extract soil line. Especially, the scatterplot of TM
2005-04-25 (Figure 4-6) with more sparse points below the bottom line causes more difficulty for
quantile regression to capture the bottom line.

Figure 4-5 Comparison of soil lines extracted from original TM images and cloud masked images
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Figure 4-6 Soil lines by the two methods in the grass green up period (late-April to mid-May)
TM 2005-07-14 is not exactly in the grass mature period, but it is near the mature period
(Figure 4-7). Grass mature period has a scatterplot with relatively higher NIR reflectance in low R
value region because those points represent mature grass. Furthermore, the bottom line of the grass
mature period scatterplot is a banana shaped curve. This boundary shape is caused by the relatively
higher NIR value in low R value region during maturity which clearly shows the grass growth
when comparing to green-up and senescence. In this case, the (R, NIRmin) method fits a soil line
with a higher intercept than quantile regression. Quantile regression actually fits a tangent line of
the bottom curve in the position of R value around 0.18.
On 30 July 2005, grass has already started to senesce. The points with lower R and NIR
value represent the senesced grass (Figure 4-8). In this early senescence period, the bottom of the
scatterplot forms two straight bottom lines. The lower straight line shows the senesced grass. For
the (R, NIRmin) method, the dataset for the final linear regression of soil lines includes points with
much higher NIR reflectance a in high R value region which causes the regression line upward. In
this case, quantile regression shows its ability to simulate the lower bottom line. Even in the middle
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senescence period (Figure 4-5: TM 2005-08-31 without cloud), the scatterplot still has this unique
signature with two straight bottom lines and quantile regression still shows its ability to capture the
lower bottom line. In the late senescence period (Figure 4-5: TM 2005-10-18 without cloud), the
scatterplot has a clear straight line. In this case, both quantile regression and the (R, NIRmin) method
fit the bottom line.

Figure 4-7 Soil lines by the two methods near the grass mature period

Figure 4-8 Soil lines by the two methods in the early senescence period
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The ability of both statistic methods for bottom line extraction varies from vegetation
phenology because the bottom lines change through vegetation phenological cycle. For the
scatterplots in the late senescence stage with clear straight bottom line, both methods simulate the
bottom lines quit well. In the early green up stage, the soil lines extracted by quantile regression
do not precisely fit the bottom line because of the influence of the sparse points in the parts with
very low R value and very high R value. Quantile regression is based on the quantile distribution
of the response variable, NIR reflectance in this case. Therefore, the density or the distribution of
the scatter plot will influence the quantile regression results, which is the reason the sparse points
with low R and NIR values and those with high R and NIR values affect the quantile regression
results in early green-up. In the maturity period, it is hard to capture the bottom straight line for
both methods because the bottom line of the mature stage scatterplot is actually a curve. With
unique characteristic of two straight bottom lines for the early and middle senescence period,
quantile regression captures the lower bottom line, which represents the senesced grass rather than
the (R, NIRmin) method. In this study, quantile regression is more likely to simulate the boundary
distribution than the (R, NIRmin) method. However, the two methods have different abilities in
different circumstances. It is hard to tell if quantile regression is a better method for simulating soil
lines than the (R, NIRmin) method, but quantile regression is better to catch the boundary
characteristics of fan shape scatter plots in most situations. Actually, both methods have similar
results when the bottom boundary of the fan shape scatter plot is clearly a straight line (Figure 45: TM 2005-10-18 with cloud) or a straight line with very few outliers (Figure 4-5: TM 2005-1018 without cloud).
Theoretically, the quantile should be set to zero, but in reality, it is set to a number close to
zero because not all the points are above the bottom boundary. Quantile setting certainly contribute
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to the quantile regression the most. For a large dataset in this study, a slight change in quantile
setting (e.g., from 0.00001 to 0.0000099) does not cause obvious difference of the soil line
extraction. The basic idea of (R, NIRmin) method is selecting the points located in the bottom. There
will be some omission and commission errors. In a certain range of R value, the point with
minimum NIR value may locate upward the boundary. On the other hand, the points chosen by this
method includes the sparse points under the bottom line, which influences the regression results.
Fox et al. (2004) deleted some points to reduce the omission and commission errors based on the
long distance between the points and the initial soil line, which statistically slightly improves the
R2 of the regression model.
4.6.3 Relatively better time period for extracting soil line
The slope and intercept of the extracted soil lines from the six images are in Table 4-3. In
Table 4-3, “slope_min” and “intercept_min” mean the slope and intercept of soil lines extracted by
(R, NIRmin) method; “slope_qr” and “intercept_qr” mean the slope and intercept of soil lines
simulated by quantile regression; data is named by sensors name, date, and presence or absence of
cloud. For example, “tm050425” means a TM image on 25 April 2005 and “tm051018_cf” means
a cloud masked imagery of TM image on 18 October 2005.
Table 4-3 Slope and intercept of extracted soil lines by the two methods
Image date

Image name Slope_Min Intercep_min Slope_qr

25-Apr-05

tm050425

1.133*

−0.015*

1.061*

−0.012

11-May-05

tm050511

1.252*

−0.012*

1.146*

0.005

14-Jul-05

tm050714

1.166*

0.017*

1.134*

0.003

30-Jul-05

tm050730

1.042*

0.043*

1.032*

0.020

31-Aug-05

tm050831_cf 1.273*

−0.003

1.145

0.012

−0.009*

1.077

0.017

18-Oct-05
tm051018_cf 1.131*
* means P value < 0.05
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Intercept_qr

Table 4-4 shows the correlation coefficients of green biomass and cover with the indices
based on the extracted soil lines from this study. The coefficients of the biomass and cover with
indices based on soil line of lab reflectance and NDVI were also presented in Table 4-4 as
reference. All the coefficients are in significant level of P value less than 0.001. The “soil line
names” in the table are named by extracted method and image acquired data. For example,
“min_051018” means the soil line was extracted from the TM image acquired in 18 October 2005
by the (R, NIRmin) method, while “qr_051018” means the soil line was extracted from the same
image by quantile regression.
ATSAVI, based on the soil line simulated from 25 April image by both quantile regression
and the (R, NIRmin) methods, slightly improved the correlation coefficient with green biomass than
that based on soil line obtained from lab reflectance of soil samples.TSAVI remained the same
correlation coefficient with green biomass (Table 4-4: min_050425, qr_050425).For the green
biomass, ATSAVI, based on soil lines extracted by the (R, NIRmin) method from images acquired
in 11 May, 31 August, 18 October, slightly improved the coefficients than the ATSAVI using lab
soil line parameters while TSAVI still kept the same coefficients (Table 4-4: min_050511,
min_050831, min_051018). TSAVI calculated from the soil line, extracted from the 25 April
image, by both quantile regression and the (R, NIRmin) method, improved the correlation coefficient
with green cover than that calculated by lab soil line while ATSAVI improved the coefficient with
green cover only by the (R, NIRmin) method (Table 4-4: min 050425, qr_050425). TSAVI and
ATSAVI using the parameters from the soil line obtained from images acquired in 11 May, 31
August, and 18 October with only the (R, NIRmin) method improved the relation with green cover
(Table 4-4: min_050511, min_050831, min_051018). For TM 2005-04-25, both methods were
working quite well for improving relation between VIs and green cover/green biomass while only
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the (R, NIRmin) method actually enhanced the relation between VIs and green biomass/green cover
for TM 2005-05-11, TM 2005-08-31 and TM 2005-10-18. The possible reason that quantile
regression did not make the relation better as the (R, NIRmin) method did is that the soil line slopes
and intercepts for TM 2005-08-31 and TM 2005-10-18 by quantile regression are not in the
significant level which is P < 0.05 (Table 4-3). In the study area, the soil line parameters simulated
from images acquired in early green up period (25 April and 11 May) and late senesced season (31
August and 18 October) improved the relationship between ATSAVI or TSAVI with green biomass
and green cover, which means early green up and late senescence seasons are both relatively better
seasons than late green up, mature and early senesced period for soil line simulation.
In this study, NDVI explains more variation for green biomass than other soil adjusted
indices based on soil line, either from lab reflectance or simulations in this study. For green cover,
NDVI still shows stronger relation than three soil adjusted indices based on the lab reflectance.
However, TSAVI based on the soil lines of TM 2005-04-25 by both methods and TM 2005-05-11,
TM 2005-08-31, TM 2005-10-18 by only the (R, NIRmin) method improved green cover extraction
rather than NDVI and other VIs (Table 4-4). This means TSAVI based on the soil lines from early
green up and late senescence enhanced the relation between NDVI and green cover. In this study,
PVI is not suitable for either green biomass or green cover estimation. Based on the research of
Yoshioka et al. (2010), the influence of soil background on NDVI decreases when LAI increases.
The average LAI from the research conducted is higher than 1.0, which means the effects of soil
background on NDVI is quite low. It is a possible reason why NDVI shows stronger relation with
green biomass/green cover in most of the cases in the study area. It is probable in other regions
with relatively lower vegetation cover, soil adjusted vegetation indices show much stronger
relationship with biomass or green cover than NDVI.
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Table 4-4 Correlation coefficients (r) of the indices based on the extracted soil lines with green
biomass and cover

Soil

Line

Names

Indices

r

r

Green

Green

Biomass Cover

min_051018 ATSAVI 0.600

0.741

Soil

Line

Names

Indices

r

r

Green

Green

Biomass Cover

min_050714 ATSAVI 0.589

0.707

TSAVI

0.629

0.786

TSAVI

0.626

0.760

PVI

0.406

0.403

PVI

0.437

0.458

ATSAVI 0.584

0.692

ATSAVI 0.596

0.725

TSAVI

0.627

0.760

TSAVI

0.629

0.776

PVI

0.346

0.302

PVI

0.409

0.408

min_050831 ATSAVI 0.601

0.746

min_050511 ATSAVI 0.602

0.753

qr_051018

qr_050714

TSAVI

0.629

0.783

TSAVI

0.628

0.789

PVI

0.501

0.583

PVI

0.492

0.563

ATSAVI 0.591

0.712

ATSAVI 0.595

0.724

TSAVI

0.628

0.767

TSAVI

0.629

0.775

PVI

0.419

0.426

PVI

0.420

0.427

min_050730 ATSAVI 0.539

0.601

min_050425 ATSAVI 0.602

0.747

qr_050831

qr_050730

lab soil line

qr_050511

TSAVI

0.603

0.695

TSAVI

0.629

0.790

PVI

0.301

0.230

PVI

0.408

0.406

ATSAVI 0.577

0.677

ATSAVI 0.600

0.737

TSAVI

0.626

0.755

TSAVI

0.629

0.788

PVI

0.287

0.208

PVI

0.325

0.268

ATSAVI 0.599

0.739

TSAVI

0.629

0.777

PVI

0.503

0.587

NDVI

0.630

0.778

qr_050425
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4.6.4 Comparison of soil line extracted from images with soil line extracted from field work
The intercept of soil lines from field work is much higher than that of soil line extracted
from images (Figure 4-9). In Section 5.3, soil lines extracted from early green up period by both
methods are better than the soil line calculated from lab reflectance of soil samples. As a result,
reflectance of soil samples is much higher than actual surface soil reflectance with litter and
biological crust on it in the study area. More importantly, both methods can obtain soil line
automatically from imagery with better accuracy and less cost than soil line obtained by lab
reflectance of soil samples.

Figure 4-9 Soil line extracted from images with two methods and the soil line from field work
Note: the equation represent the soil line based on the lab reflectance of soil samples;
the blue line is the soil line based on the lab reflectance; refer to Figure 4-6 for the
automatically extracted soil line for the early green-up period.
In addition, soil samples that were dug after the biomass was removed have different soil
structure from land surface soil. More importantly, the spectral reflectance of litter is much lower
than that of bare soil (Figure 4-10). In the study area, which has been conserved for more than 20
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years, the ground coverage of dead material is much larger than that of bare ground. Therefore, the
reflectance of soil samples collected after the above ground vegetation, litter and soil crust removed
is not a representative of actual soil surface.

Figure 4-10 Comparison of bare soil reflectance and dead material reflectance
The application of the soil line is very wide in agriculture, such as reducing soil background
effects when extracting vegetation information (Richardson and Wiegand 1977, Baret et al. 1993,
Huete et al. 1985, Baret and Guyot 1991, Baret et al. 1989), estimating vegetation fraction cover
(Gitelson et al. 2002), vegetation residue cover (litter cover) (Thoma et al. 2004), and atmospheric
correction (Stabile and Searcy 2009). In the grasslands, soil adjusted vegetation indices based on
the intercept and slope of soil line are not widely used to extract the green grass from optical RS
images due to the availability of soil line. In cropland, the bare soil surface is normally covered by
some vegetation residues, while in the grassland it is covered by plenty of litter and soil crust (e.g.,
moss and lichen). When collecting reflectance of soil samples in cropland, the surface component
is pretty much the same as the real surface structure. However, in grassland, collected soil samples
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are different from the real surface soil because the components and structure are all changed. In
this study, it has been proved that soil line extracted automatically from images improved the soil
line obtained from the reflectance of soil samples, which means the automatically extracted soil
line from this study represent the actual soil line more closely. Hence, with the automatic soil line
extraction methods provided by this study, the soil line of grassland can be obtained more
accurately with less work. The ability of the two methods for extracting soil lines in cropland have
not been tested to date, but definitely worth to be further studied in future research.
Uncertainty of the results of this study probably came from the green cover data because
the green cover data was measured by observation (human sense of the researcher) from field work.
However, the green cover data was checked by how strong the relationship is between green cover
and LAI, which is measured by LAI-2000. In this study, the correlation coefficient between green
cover and LAI is 0.724, which is acceptable. Another uncertainty from this study is that there are
two soil types (chernozemic soil and solonetzic soil) in the study area. As Yoshioka, et al. (2010)
mentioned in their research, the general soil line of the local area caused slight difference for each
soil type with an unique soil line. However, the positive aspect is that there are two soil types in
this study area and chernozemic soil is the main soil type. More importantly, solonetzic are found
where there are no or low vegetation cover. Thus, chernozemic soil is the only soil type under
consideration for extracting green cover/green biomass, which is also the reason for simulating one
soil line for each image of the study area. Applying the methods of this study for another study
area with more dominated soil types, it has a possibility to improve the accuracy of soil line
simulation directly from imagery by separating the different soil types.
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4.7

Conclusions
1. Cloud effect is obvious with soil line simulation from imagery. In addition, cloud lessens

the slope of soil line when the slope is larger than 1 while the influence of cloud on soil line actually
enlarges the slope when it is less than 1.
2. Both early green up season and late senescence season are relatively better for soil line
simulation from images than late green up, mature and early senesced period for soil line
simulation. Because soil line does not have seasonal variation since soil type is the main factor that
changes soil line. This conclusion is not about if soil line extracted from images in early green up
season or late senescence season have better soil lines than soil lines from other seasons. This
conclusion is to fill the gap where other studies proved that soil line could be extracted
automatically from images but few studies have focused on which season was better for soil line
extraction since “near-infrared band” vs. “red band” scatter plots have large seasonal variations whereas
soil line does not.
3. For extracting green biomass or green cover information from Landsat images in mixed
grassland, the (R, NIRmin) method is better for soil line simulation than quantile regression. Soil
adjusted vegetation indices (Adjusted Transformed Soil-Adjusted Vegetation Index and
Transformed Soil Adjusted Vegetation Index in this study) based on soil line simulated from
images in early green up and late senescence seasons by the (R, NIR min) method explains more
variation for green biomass or green cover than those based on soil line from reflectance of soil
samples.
4. The results of this Chapter provides the parameters to calculate soil adjusted vegetation
indices to improve the estimation of LAI to fulfill Objective 3 (Chapter 5).
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CHAPTER 5: QUANTIFYING THE INFLUENCES OF GRAZING,
CLIMATE AND THEIR INTERACTION ON GRASSLAND
ECOSYSTEM
5.1

Abstract
Appropriate grazing management ensures grassland ecosystems supply products sustainably

while maintaining healthy grasslands. However, grasslands are complex ecosystems that are also
influenced by other disturbances, such as climate and fire. To better study the effects of grazing
management, the interactions between grazing, climate variations, and other disturbances need to
be analyzed. The aim of our research was to quantify these interactions using Landsat TM images
with long term datasets at a field scale. To achieve this goal, grazing experiments with controlled
grazing intensity (cattle density) were set up during the vegetation growing season from 2008 to
2011 in a northern mixed grassland in Saskatchewan, Canada. According to the results,
precipitation, temperature, interaction between temperature and precipitation, cattle density,
interaction between temperature and cattle density, and the interaction among cattle density and
climate parameters explained 65.58%, 14.49%, 9.78%, 1.63%, 1.45%, and 0.54% variation of
grassland greenness respectively. This indicates that precipitation has the dominant effect on
grasslands, while temperature and the interaction between temperature and precipitation has only
moderate effects, and grazing intensity and the interaction between grazing intensity and climate
variations has low effects in the mixed grasslands under low intensity grazing.
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5.2

Introduction
Grasslands are subject to strong spatial and temporal dynamics (Hovick et al. 2015).

Globally, spatial heterogeneity in grasslands form due to primary succession which can take
centuries (Begon, Townsend, and Harper 2006) and is primarily regulated by abiotic factors (e.g.
soil, climate and topography). Therefore, climate variations may have significant impacts on
grasslands, at the scale of millennia (Kerns, Moore, and Hart 2001; Alexandre et al. 1997;
McClaran and Umlauf 2000) or decades (Parton et al. 1995; Alward, Detling, and Milchunas 1999).
Spatial heterogeneity also strongly influences grasslands, for example, at a regional spatial scale,
micro-variation in the abiotic environment (e.g. microtopography, microclimate, soil moisture, soil
organic matter) and disturbance (human and natural) influences grassland spatial heterogeneity
(Collins and Smith 2006; Seabloom et al. 2005). Interactions between human and grassland
ecosystems, including grassland reclamation (land cover change from grassland to cropland) and
grassland management, have increased in the past 50 years (Chapin III and Matson 2011), possibly
influencing grassland diversity both temporally and spatially.
RS approaches with detailed spatial information of grassland condition and long-term
temporal data have been widely used in monitoring the influence of grassland management,
especially grazing management (Yang, Guo, and Fitzsimmons 2012). Research into the impacts of
grazing management using RS techniques have generally focus on two areas; quantification of
grazing intensity (Kawamura et al. 2005) and assessment of grassland response to grazing through
the measurement of biomass (Numata et al. 2007), greenness (Zhang et al. 2007), vegetation cover
(Archer 2004), and carbon and nitrogen cycling (Schuman et al. 1999). This has largely been
achieved, using multispectral images including Moderate Resolution Image Spectroradiometer
(MODIS) imagery (Kawamura et al. 2005), Advanced Very High-Resolution Radiometer
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(AVHRR) imagery (Archer 2004), Landsat Multi-Spectral Scanner (MSS) imagery (Pickup,
Bastin, and Chewings 1994) and Landsat TM imagery (Saltz et al. 1999). Although some studies
have discussed the influence of climate conditions on the assessment of grassland response to
grazing management in the context of remote sensing analyses (e.g. Archer 2004; Pickup, Bastin,
and Chewings 1994; Zhang et al. 2007), few have quantitatively separated the effects of grazing
management and climate variation on grassland ecosystem and their interaction. The purpose of
our study is to quantify the influence of grazing and climate variation on semi-arid mixed
grasslands that are sensitive to climate fluctuation. To achieve this goal, vegetation greenness, as
the indicator of grassland response, was extracted from Landsat TM images synchronized with
field data collection.
5.3

Materials and methods

5.3.1 Datasets
The grazing experiment, established in 2004, applied grazing treatments in the nine
constructed pastures from early June to the middle of September 2008-2011 in the East Block of
GNP. Among the nine pastures, six had cattle densities, range from low to high grazing intensities
for the area (AUM/Ha: animal unit month per hectare; one animal unit month means the amount
of forage needed for animal unit for one month) while the other three were maintained as control
pastures without grazing (Figure 5-1). LAI was collected from June 30th to July 7th, 2007 using
ACCUPAR LP-80 in ten random sample sites for each pasture (Figure 5-1). At each sample site,
six LAI replicate measures were taken. Table 5-1 shows the summary of LAI data. Four repeated
measures without the maximum and minimum values were averaged as the LAI value for each
sample site. The descriptive statistics of field measured LAI is shown in Table 5-1.
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Figure 5-1 Grazing experiment in the east block of GNP
Note: Landsat TM image was acquired on September 3rd, 2006; the dark areas are
burn scars from a 2006 wildfire.
Twelve Landsat TM images from June to September 2007 to 2011 (acquiring dates
referring to Table 5-3) were downloaded from USGS website. All the images were Level 1
Products that are geometrically corrected. Atmospheric correction was conducted for all images
using ATCOR2 algorithm in PCI Geomatica (Xu and Guo 2015).
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Table 5-1 Descriptive statistics of field measured LAI in 2007
Mean Median Std. Deviation Minimum Maximum interquartile range
Pasture 1

0.89

0.86

0.25

0.51

1.32

0.35

Pasture 2

0.72

0.64

0.26

0.48

1.39

0.25

Pasture 3

0.45

0.46

0.12

0.28

0.64

0.21

Pasture 4

0.6

0.46

0.42

0.15

1.57

0.4

Pasture 5

0.41

0.42

0.13

0.21

0.56

0.22

Pasture 6

0.81

0.85

0.31

0.43

1.45

0.43

Pasture 7

0.77

0.74

0.23

0.47

1.2

0.39

Pasture 8

0.61

0.66

0.25

0.26

0.88

0.52

Pasture 9

0.69

0.56

0.36

0.31

1.58

0.36

Weather station temperature and precipitation data were used as the climate variables in
this study. Daily climate data from station “Val Marie Southeast” (49°3’21.8” N, 107°35’11.5”
W), including total precipitation and mean temperature, were downloaded from Environment
Canada.
5.3.2 Methods
In this study, analysis of variance (ANOVA) table from the linear model in R software
(version 3.2.2) was used to calculate the percentage of explained variation of greenness from
grazing, climate variables and their interactions (Figure 5-2).
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Figure 5-2 The flowchart of methodology
To evaluate the best vegetation index to apply to greenness, a spatial linear regression from
the spatial statistics toolbox in ArcGIS 10.2 was used to test the relationship between field
measured LAI (average LAI for each sample site) and commonly used vegetation indices including
Normalized Different Vegetation Index (NDVI) (Rouse et al. 1974), ATSAVI, TSAVI, NDSVI,
NBR, Normalized Different Water Index (NDWI), and PVI (Table 5-2). After the best vegetation
index was selected based on their spatial correlation with field measured LAI, the mean value of
the vegetation index was extracted from all the pixels in each experimental pasture using zonal
statistics of spatial analyst toolbox in ArcGIS 10.2. The area influenced by fire of 2006 was masked
out in pasture 5 (Figure 5-1) before zonal statistics were applied.
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Table 5-2 Vegetation indices proposed in this analysis

Vegetation index

Algorithm

NDVI 

NDVI

ATSAVI*

ATSAVI 

 TM 4   TM 3
 TM 4   TM 3

Citation

Rouse et al. (1974)

a(  TM 4  a TM 3  b)
a TM 4   TM 3  ab  X (1  a 2 )

Baret and Guyot (1991)

TM 4  aTM 3  b
TM 3  aTM 4  ab

Baret, Guyot, and Major
(1989)

X  0.08

TSAVI*

TSAVI 

NDSVI

NDSVI 

TM 5  TM 3
TM 5  TM 3

Qi et al. (2002)

NBR

NDVI 

TM 4  TM 7
TM 4  TM 7

Roy, Boschetti, and Trigg
(2006)

NDWI

NDWI 

TM 4  TM 5
TM 4  TM 5

Gao (1996)

Note: * a = 1.133, b = -0.015; a and b are soil line parameters extracted directly from Landsat TM
images (Xu and Guo 2013).
Based on previous work by Li and Guo (2012), precipitation has a longer lag effect than
temperature on grassland greenness in GNP. From their study, precipitation is the primary factor
that influences grassland greenness with a lag of 40 days (cumulative precipitation in the last 40
days); the mean temperature (oC) in the previous 10 day period is the second factor with effects on
variation in grassland greenness (Li and Guo 2012). In this study, temperature and precipitation
are calculated as two climate variables based on Li and Guo’s (2012) results. The time periods used
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to calculate these two variables were associated with the image acquiring dates (Table 5-3) because
the image acquiring dates were linked with the status of grassland greenness.
Table 5-3 Calculation for the effects of precipitation and temperature
Image date

Starting date of 40-day

Starting date of 10-day

precipitation

temperature

July 4th, 2007

May 25th, 2007

June 24th, 2007

August 5th, 2007

June 26th, 2007

July 26th, 2007

August 7th, 2008

June 28th,2008

July 28th, 2008

August 23rd, 2008

July 14th, 2008

August 13th, 2008

June, 23rd, 2009

May 14th, 2009

June 13th, 2009

August 10th, 2009

July 1st, 2009

July 31st, 2009

September 27th, 2009

August 18th, 2009

September 17th, 2009

September 30th, 2010

August 21st, 2010

September 20th, 2010

June 13th, 2011

May 4th, 2011

June 3rd, 2011

July 15th, 2011

June 5th, 2011

July 5th, 2011

July 31st, 2011

June 21st, 2011

July 21st, 2011

August 16th, 2011

July 7th, 2011

August 6th, 2011

Before all datasets were analyzed in the linear model using R software, the variables were
standardized using equation 5-1 to derive common units for each variable.
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Y Y
Yˆ  i
SY

(5-1)

Finally, the vegetation index that had the best spatial correlation with LAI was included as
the response variable in the linear model. Using this approach, all of temperature, precipitation and
cattle density were the explanatory variables. The ANOVA table of the linear model shows the
variation of the response variable explained by each explanatory variable and their interactions
(“Sum Sq” in Table 5-4). “Explained variation” and “Relative effects” were calculated from the
ANOVA table by equation 5-2 and 5-3 respectively.
𝑆𝑢𝑚𝑆𝑞

𝐸𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑𝑣𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛 = 𝑡𝑜𝑡𝑎𝑙𝑆𝑢𝑚𝑆𝑞
𝐸𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑𝑣𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒𝑒𝑓𝑓𝑒𝑐𝑡𝑠 = 𝑡𝑜𝑡𝑎𝑙𝐸𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑𝑣𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛𝑜𝑓𝑠𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑡𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠
5.4

(5-2)

(5-3)

Results

5.4.1 The ability of ATSAVI to measure grassland greenness
ATSAVI has a better spatial relationship (R2=0.483, adjusted R2=0.476, p<0.01, Figure 53) with LAI than other vegetation indices including NDVI (R2=0.469, p<0.05), TSAVI (R2=0.464,
p<0.05), NDSVI (R2=0.205, p<0.05), NBR (R2=0.435, p<0.05) and NDWI (R2=0.452, p<0.05).
The spatial linear relationship between ATSAVI and LAI is stationary (the relationship between
ATSAVI and LAI does not vary from one location to another in the east block of GNP) across
locations because the p value for Koenker BP test is larger than 0.05 and the residuals from this
spatial linear relationship is normally distributed (the Jarque-Bera test is not statistically significant,
p>0.05).
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Figure 5-3 The relationship between LAI and ATSAVI
5.4.2 The effects of temperature, precipitation, grazing intensity and their interaction
Based on the climate data from Val Marie Southeast station, the significant variables (cattle
density, temperature, precipitation, the interaction between cattle density and temperature, the
interaction between temperature and precipitation, and the interaction among temperature,
precipitation and cattle density) explained 93.5% of the variations in ATSAVI (Table 5-4). Among
all the significant variables, precipitation explained 65.6% of the variation in ATSAVI, while
temperature, the interaction between temperature and precipitation, cattle density, the interaction
between cattle density and temperature, and the interaction among cattle density, temperature and
precipitation explained 14.5%, 9.8%, 1.7%, 1.6% and 0.5% of Variation in ATSAVI respectively
(Table 5-4).
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Table 5-4 Ability of each variable and their interactions to explain variations in greenness (a)

Val Marie
Southeast

Sum
Sq

Mean
Sq

F value

P
value

Sig.

Explained
variation

Relative
effects

CattleDensity

0.009

0.009

25.96

0

***

1.6%

1.7%

Temperature

0.08

0.08

221.08

0

***

14.5%

15.5%

Precipitation

0.362

0.362

1002.6
4

0

***

65.6%

70.2%

CattleDensity:
Temperature

0.008

0.008

21.36

0

***

1.5%

1.6%

CattleDensity:
Precipitation

0

0

0.15

0.7

Temperature:
Precipitation

0.054

0.054

150.24

0

***

9.8%

10.5%

CattleDensity:
Temperature:
Precipitation

0.003

0.003

8.24

0

**

0.5%

0.5%

Residuals

0.036

0

Total

0.552

0%

6.52%
93.5%

100%

Note: ***significance level of 0.001
5.5

Discussion
In mixed grasslands with a low disturbance intensity, vegetation indices adjusted for soil

line parameters have better ability predict green vegetation than normal band ratio vegetation
indices (e.g. NDVI). This finding is consistent with previous research in the mixed grasslands (He,
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Guo, and Wilmshurst 2007). We also found that the relationship between vegetation indices and
greenness does not vary among locations within our study area.
According to our results, precipitation has the largest positive effect on grassland greenness
supporting the notion that precipitation is the primary factor determining grassland productivity in
semi-arid grasslands. Heisler-White, Knapp, and Kelly (2008) found the increasing precipitation
during the growing season has a positive influence on aboveground net primary productivity
(ANPP). In semi-arid savannas, precipitation is also the most influential parameter determining
vegetation productivity (Fynn and O'Connor 2000). In our research, precipitation, temperature and
the interaction between them has over 90% relative impact on grassland greenness among climate
variables, grazing and their interactions because semi-arid grasslands with light grazing intensity
are sensitive to climate fluctuation. Previous studies have demonstrated that overgrazing in semiarid grasslands altered vegetation communities and then reduced grassland productivity, which
overrode the impact of precipitation (Fynn and O'Connor 2000).
In the east block of GNP with a low stocking rate, cattle density and the interaction between
cattle density and climate variation, has a significant positive influence on vegetation greenness.
However, the impact is much less than that of the climate variables and the interaction among them.
This result indicates that light grazing intensity improves the greenness of mixed prairie. Cattle
density may also interact with temperature as the changes in temperature might alter animal
behavior. Extreme climate condition (e.g. drought) that changes animal behavior also interacts with
cattle density (Fynn and O'Connor 2000). This study did not find the interaction between
precipitation and cattle density perhaps because there was no drought occurred during the 20072011 study period.
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Ideally, Mankota climate station (49°6’N, 107°1’13” W) is best situated for the study area
considering both distance and latitude in comparison to the weather station of Val Marie Southeast.
However, the climate data from Mankota station is not available during the grazing experiment
period (2007-2011). In the literature, researchers stated that the inconsistencies and unavailability
of climate data across time and space presents challenges to field research (Jeffrey et al. 2001). To
have a better understanding about the challenges from the recording of climate data, the
methodology developed in this study is tested using the climate data from another weather station
which is close to the East Block of GNP (Appendix E, supplement results for Chapter 5).
A portion of 93.5% variation of greenness explained by the significant parameters,
including cattle density, temperature, precipitation and the interactions among them, might be
contributed by temporal or spatial autocorrelation. In order to test the variation explained by the
autocorrelation, the spatial and temporal autocorrelation of the vegetation index (response variable
in the polygon data) was tested by Moran’s Index of spatial statistics toolbox in ArcGIS 10.2 and
lag variable respectively. For Moran’s Index, “inverse distance” was selected as conceptualization
and “Euclidean” as the distance method. To create the lag variable, mean value of the vegetation
index for each pasture was with that for the same pasture at the corresponding date. The results
from spatial autocorrelation test indicates that the ATSAVI data for each pasture are not spatially
auto-correlated at a significance level of 0.01 (Table 5-5). However, these results from the scatter
plot of ATSAVI vs. the lag variable of ATSAVI show that the greenness data have significant
temporal autocorrelation (R2=0.5, p<0.05, Figure 5-4). Because of the temporal autocorrelation,
the variation in greenness explained by the significance variables among climate variables, grazing
and their interactions should be less than the results presented (93.5% for Val Marie Southeast
Table 5-4). Temporal autocorrelation might be caused by seasonal effects related to phenology.
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Fortunately, this study’s focus on the relative effects of significant variables among grazing,
climate and their interactions instead of the total variation of greenness, is explained by the
significant variables. The total variation explained by the significant variables does not affect their
relative effects (Table 5-4). To measure greenness using grazing intensity, climate variables and
their interactions, then it is recommended to account for the spatial and temporal autocorrelation.
Table 5-5 Spatial autocorrelation of ATSAVI for all pastures
Moran’s Index

P value

Spatial pattern**

2007-07-04

0.09

0.49

Random

2007-08-05

0.34

0.12

Random

2008-08-07

0.22

0.21

Random

2008-08-23

0.32

0.12

Random

2009-06-23

-0.25

0.68

Random

2009-08-10

0.44

0.03

Random

2009-09-27

0.57

0.02

Random

2010-09-30

0.10

0.43

Random

2011-06-13

0.03

0.53

Random

2011-07-15

-0.10

0.95

Random

2011-07-31

-0.04

0.78

Random

2011-08-16

-0.30

0.54

Random

Image acquisition
date

** significance level 0.01
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Figure 5-4 Temporal autocorrelation of mean ATSAVI for each pasture
5.6

Conclusion
Even though the result of this chapter indicates the climate variability has strong influence

on grasslands in the east block of GNP (explains 95% of the variation of greenness), grassland
response to grazing is measurable with the prior knowledge of grazing intensity when light grazing
is used as a conservation method. The result from this chapter is a preparation for future research
to extend the study of Objective 2 in Chapter 3 from ecological comparison sites to the whole GNP
area.
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CHAPTER 6: SUMMARY AND CONCLUSIONS
6.1

General conclusions
The results of this research show the hypotheses tested in this dissertation (Section 1.5) are

true. The results from Chapter 2, 3, 4 and 5 in this dissertation indicate that:
1) the multispectral imagery can be applied to overcome the challenges of estimating dead
material with minimizing the effects of bare soil and soil crust (moss and lichen) in the field of RS
application for grassland management; the result fulfilled Objective 1 in Chapter 2 indicates that a
new methodology needs to be developed to estimate biophysical parameters indirectly to represent
grassland response to management for Objective 2 in Chapter 3;
2) the methodology of soil line simulation is successfully developed in Chapter 4 to extract
LAI (an indicator of greenness represented as grassland response to different management methods
and climate variability) from optical RS images more accurately in long-term conserved grasslands
with a large amount of dead material, soil crust and bare soil to fulfill Objective 3 in Chapter 5;
3) based on the results from Objective 1 in Chapter 2, the methodology was successfully
developed to assess the lag effects of long-term conservation actions and the optimum time period
for conservation on grassland ecosystems can be evaluated through the different biophysical
parameters extracted from optical RS images that were collected over 30 years;
4) to extend the research for Objective 2 in Chapter 3 to various spatial scales, optical RS
images were successfully used to quantify grassland response to management and climate
variability separately to prepare the future research in Section 6.4.
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6.2

Research contributions
From a technical perspective, this research overcomes the challenge of measuring dead

material and green vegetation from mixed pixels of optical RS imagery. The methodology and
concepts of soil line extraction (chapter 4) and dead material estimation (chapter 2) have potential
to apply to other studies in the research field of grassland RS. The methodology can be used for
the estimation of biomass and coverage of green vegetation and dead material using optical RS
imagery in grasslands, especially conserved grasslands or grassland with low grazing intensity.
From a theoretical perspective, the concepts of this research are the inter-disciplinary of
optical RS theory and grassland management. Grassland management is the bridge between
grassland condition and grassland services. RS images are the useful recordings of grassland
conditions that include information about mixed spectra at the time images are acquired. With RS
images acquired in a continuous time series, change in grassland conditions that reflect the effects
of different factors such as grassland management can be analyzed. The methodology and concepts
connecting grassland management and optical RS were successfully developed in this research
(chapter 3) in order to separate the effects of grassland management, other factors in grassland
ecosystems and the interactions among them (chapter 5). This contributes to monitoring the
efficiency of grassland management more precisely.
Practically, the results of this study provide the basic information for that grassland
managers require in order to compare the impacts of conservation on grasslands to that of grazing
management with different grazing intensities. More importantly, the results of this research also
suggest the appropriate time to adjust the grassland management policies based on different
management purposes and the optimum time period for grassland management under particular
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ecosystem conditions. This research might also inspire other research to study the optimum time
lag for different methods of grassland management under various grassland conditions.
6.3

Limitations
One limitation of my study is lacking, hyperspectral images for the estimation of dead

materials. The spectra signals of bare soil and dead material are quite similar, but the difference is
still notable in hyperspectral images because dead materials have high absorption near 2100 nm
while bare soil has high absorption near 220 nm. However, the availability of hyperspectral images
is limited in mixed prairie ecoregion. Another improvement can be made through images with
much higher spatial resolution to evaluate grassland response to prescribed fire. Prescribed fire, as
a conversation method, was controlled in a small location in the study area because uncontrolled
fire could be dangerous to grasslands and human beings. However, Landsat images with 30 m
spatial resolution is relatively robust for studying grassland response to fire management. I also
wish I could have the consistent sensors and longer time-series images to measure the impact of
re-introduced grazing on grasslands. Basin were re-introduced in the west block of GNP in 2006
and moved to whole west block in 2008. However, Landsat TM images were no longer available
from late 2011 and Landsat OLI images have narrower bands than TM images. Three-year TM
images are not enough to study the lag effects of the re-introduced grazing. Therefore, it is not long
enough to measure the impact of re-introduced grazing on grasslands.
6.4

Future research
My future research aligns on four branches in the field of measuring grassland response to

management using RS techniques. First, this research can be extended using time series analysis
and data fusion for the whole park area and to consider whether grassland response to management
varies from different vegetation communities. The research in chapter 3 can be extended to the
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pixel level instead of ecological comparison sites with the help of data fusion and time series
analysis. With the monitoring of the grassland response to conservation actions at the spatial level
of detailed regional scales, other factors including different vegetation communities and soil types
which vary the time lag effects can be compared and analyzed. The study of grassland response to
conservation can also be extended into that of the effects of grassland conservation on the invasive
speed of exotic species like crested wheatgrass, smooth brome and sweet clover in GNP.
Second, it is worthwhile to explore the potential application of other RS platforms in
grassland management. RS platforms include not only optical RS, but also Radar and Lidar. Unlike
optical RS, Radar and Lidar are active RS platforms. Radar and Lidar images do not have a long
history or similar availability as optical RS. However, exploration into the application of Radar and
Lidar imagery on monitoring grassland conditions through different biophysical parameters would
enlarge the application of RS on grassland management. More importantly, Radar and Lidar have
an advantage in overcoming the issue of cloud in optical RS. Radar and Lidar images also focus
on different aspects than optical RS imagery in their application to grassland ecosystems. Radar
images have the advantage of measuring moisture content and Lidar images have the advantage of
monitoring the structure of grasslands over optical RS approaches.
Third, methods of grassland management vary across grassland ecosystems for different
conditions and purposes. In the study area of this research, GNP, the managers integrate different
management methods and change the method (conservation actions, grazing management,
prescribed fire and chemical controls of invasive species) through different time periods. Therefore,
it is necessary to monitor the impact of different methods of grassland management and their
interactions, which gives an opportunity for future research in the application of RS on grassland
management. The analysis of the optimum period of time can also be extended to different methods
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of grassland management and different ways of integrating management methods under various
ecosystem conditions using RS approaches.
Finally, this research monitored the response of grassland conditions on management
through different biophysical parameters including coverage, biomass, soil organic matter, litter
and biodiversity. Just monitoring the response through various parameters could be a limitation of
this research because grassland ecosystems are complex systems. To represent the condition of
grassland ecosystems, not only biophysical parameters should be assessed, but also organization
and resilience of grasslands. Therefore, it is better to establish the comprehensive indicator system
that integrates different aspects of grassland conditions to better monitor the grassland response to
various management methods.
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APPENDIX C: QUADRAT STRUCTURE IN EACH PLOT

Figure C-1 Quadrat design in each plot for the field work
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APPENDIX D: FIELD DATA FORM
Site:

Date:

Dominant Cover:

Weather:

Lat.:
Qu
ad

Gra.Type:
Long.:

Grass
%

Forb
%

Shrub
%

S.D.
%

grazed/ungrazed

Grazing:

grass

Dominant Species:

Recorder:
Upland/sloped/valley
Improved/Native/invasive
Elev.:

Litter
%

Lichen
%

N1
N2
N3
N4
N5
E1
E2
E3
E4
E5
S1
S2
S3
S4
S5
W1
W2
W3
W4
W5
Notes
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Moss
%

Rock
%

B.Soil
%

Main
species

APPENDIX E: SUPPLEMENT RESULTS FOR CHAPTER 5
Climate data from another weather station (Opheim 10N, Figure E-1), which was
downloaded NCDC Climate Data of NOAA, was used to test the methodology developed in
Chapter 5 of this dissertation. The time period of the daily climate data, including cumulative
precipitation and temperature at the time of observation, was from May to September, 2007-2011
which corresponded to time of the grazing experiment.

Figure E-1 Weather stations near GNP, Saskatchewan, Canada
The results using the climate data from Opheim 10N station is slightly different from Val
Marie Southeast. The results show that 40% variation of ATSAVI was accounted by the significant
variables (Table E-1). Among the significant variables, precipitation explained the most variation
in ATSAVI (27.5%), while temperature, cattle density and the interaction of temperature and
precipitation accounted for 7.1%, 1.6% and 3.8% of the variations in ATSAVI respectively (Table
E-1). To compare the results with data from the two weather stations, the relative effects of the
significant variables were calculated. The relative effects of precipitation, temperature, and the
interaction between them was similar using climate data from Opheim 10N and Val Marie
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Southeast (Table E-1 & 5-4). However, the effects of cattle density and the interaction between
cattle density and climate data differed between the two weather stations. The combined effects of
cattle density and the interaction among cattle density and climate variables (relative effect = 3.8%,
Table 5-4) based on the weather data from Val Marie Southwest, while using data from Opheim
10N weather station yield similar results to that of cattle density (relative effect = 4.1%, Table E1).
Table E-1 Ability of each variable and their interactions to explain variations in greenness (b)

Opheim 10N

Sum
Sq

Mean
Sq

F
value

P
value

Sig.

Explained
variation

Relative
effects

CattleDensity

0.009

0.009

2.95

0.09

.

1.6%

4.1%

Temperature

0.039

0.039

12.21

0

***

7.1%

17.6%

Precipitation

0.152

0.152

47.92

0

***

27.5%

68.8%

CattleDensity:
Temperature

0.006

0.006

1.76

0.19

1.1%

CattleDensity:
Precipitation

0

0

0.06

0.81

0%

Temperature:
Precipitation

0.021

0.021

6.48

0.01

CattleDensity:
Temperature:
Precipitation

0.008

0.008

2.42

0.12

Residuals

0.318

0.003

Total

0.553

*

3.8%

9.5%

1.5%

57.5%
40%

.

significance level 0.1; *significance level 0.05; **significance level 0.01;
***significance level 0.001
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The results using the data from the Val Marie weather station were slightly different from
those from Opheim station. The primary reason for the different results using data from Opheim
10N station and Val Marie Southeast appeared to the differences in the consistency with which the
data were recorded. The precipitation data (cumulative daily precipitation) was recorded
consistently in the two stations. However, the temperature recorded for Val Marie weather station
from Environment Canada is the daily mean temperature, while that for Opheim 10N weather
station from NOAA is temperature at observation. With this difference, the results using climate
data from the Val Marie weather station is more representative that that from Opheim weather
station. Even though Opheim station is closer to the study area, Val Marie station is similar in
latitude with the study area (Figure E-1), which suggests the temperature data from the Val Marie
weather station may be more suitable for this study. Comparing climate data, the results indicate
that grazing intensity, temperature, precipitation, the interaction between precipitation and
temperature, and the interaction between temperature and grazing intensity have significant
positive impacts on greenness in the mixed grasslands. Even though the data quality from Opheim
station is not as high as that from the Val Marie station, the results using the temperature data from
Opheim were largely consistent with that from Val Marie. However, the variation of greenness
explained by climate variables and their interaction using the climate data from Opheim 10N is
much lower than Val Marie Southeast. If the daily mean temperature and precipitation is available
for Mankota climate station (Figure E-1), there would be more comparison for the results and test
for the consistency of climate data because this station is closer to the East Block with similar
latitude.
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