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ABSTRACT 

Mousavi, Mirmajid. M.Sci., The University of Manitoba, August 2025. Mapping 

Grassland Distribution and Aboveground Biomass in Manitoba’s Prairie Ecozone Using 

Multisensor Satellite Images; Advisor: Nasem Badreldin. 

Grasslands are one of the most widespread and endangered ecosystems in the world. 

They offer valuable ecosystem services, including food supply, carbon sequestration, soil 

fertility maintenance, biodiversity conservation, water and soil retention, and cultural 

benefits. Grasslands in the Canadian Prairies, the primary habitat for numerous grass species, 

have been increasingly degraded due to human interventions over the past decades. This has 

led to the loss of native species, environmental issues, and a decline in biodiversity. Therefore, 

monitoring the distribution of grassland and its biophysical characteristics, like aboveground 

biomass (AGB), is of the utmost importance for assessing ecosystem health and informing 

sustainable land management strategies. The overall main goals of this study were (1) to 

differentiate grasslands between native, tame and mixed classes using a novel artificial 

intelligence approach, and (2) to estimate grassland AGB in the Manitoba Prairie regions using 

various remote sensing datasets. For mapping grassland across the total Prairie regions of 

Manitoba, three advanced machine learning (ML) classification algorithms, including random 

forest (RF), gradient tree boosting (GTB) and support vector machine (SVM), were evaluated 

using input variables that came from different sources of remote sensing data, such as 

Landsat 8 and 9 (Landsat8-9), Sentinel-1 (S1), Sentinel-2 (S2), and Shuttle Radar Topography 

Mission (SRTM). Finding an optimal data combination (S1+S2) and using multi-temporal 

imagery were key components of satellite data processing aimed at improving grassland 

classification accuracy. Around 1,430 optical and radar images and 3,000 grassland samples 

were used to map grassland classes across the Manitoba Prairie Ecozone after excluding non-

grassland classes, resulting in RF and GTB having higher performance with an an overall 

accuracy of around 72%. The impact of multisensor image fusion on grassland classification 

accuracy was also assessed as an alternative approach when multi-temporal data composition 

was not feasible. For the second objective, parametric (e.g., linear and exponential 

regressions) and ML [RF, support vector regression (SVR) and artificial neural network (ANN)] 

regression methods were utilized to predict grassland AGB. The inclusion of environmental 

variables, such as temperature, precipitation and elevation, significantly improved the model 
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performance. Spectral data from three sensors with varying spatial resolution, including 

PlanetScope (3 m), S2 (10 m) and Landsat 8-9 (30 m), were used as model inputs to evaluate 

which dataset provided superior performance in biomass estimation. Model training and 

validation was based on newly derived biomass samples from daily Planet’s Biomass Proxy 

products, which captured AGB dynamics at 10 m resolution across multiple growing seasons. 

This method enabled the observations of biomass to be extended throughout the growing 

season in multiple years. The findings showed that traditional parametric approaches 

(R2=0.63-0.65) were lower than ML methods (R2=0.78-0.90).   
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FORWARD 

This thesis follows a manuscript-style format with the thesis guidelines set by the 

Department of Soil Science, University of Manitoba, and comprises two research manuscripts 

(Chapters 2 and 3). Each manuscript includes an abstract, introduction, materials and 

methods, results, discussion and conclusion. Chapter 1 provides a general introduction to 

grasslands, covering their types, ecological and economic benefits, the major threats they 

face, and an overview of the Prairie regions as Canada’s primary grassland habitat. It also 

introduces the application of remote sensing and machine learning techniques for monitoring 

various aspects of grasslands, with further detail on the technologies and algorithms explored 

in this study. Chapter 4 is a comprehensive synthesis, summarizing the key findings and 

offering conclusions and recommendations.  
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1. INTRODUCTION 

1.1. Grasslands, Services, and Threats  

Grasslands account for around 40% of the Earth's terrestrial surface (Y. Wu et al., 2023). 

Biologically, grasslands are one of the most diverse ecosystems, particularly in terms of 

species at risk (Roch & Jaeger, 2014). Various scholars have defined grassland in many specific 

ways. Milner (1968) defined it as “a plant community in which Gramineae dominates and 

trees are absent”; Bazzaz & Parrish (1982) specified grassland as “a vegetation type 

dominated by grasses but containing many broadleaf herbs (forbs)”; and Knapp et al. (1998) 

described it as “a general lack of woody vegetation helps define grassland.” A common 

feature observed in all various definitions is a low abundance of woody vegetation.  

Grasslands are not a homogeneous landscape; they are highly diverse and vary greatly 

across different soil zones and climates (Blair et al., 2014). There are several major types of 

grasslands globally, including temperate grasslands such as the Prairies of North America and 

the steppes of Eurasia, tropical savannas which are found in Africa, South America, and parts 

of Australia, and high-altitude grasslands like those ecosystems in the Andes and the 

Himalayas (Blair et al., 2014). Each of these grassland ecosystems has distinct climatic 

conditions, species compositions, and ecological processes. For instance, tropical savannas 

often include a mixture of grasses and scattered trees, whereas temperate grasslands like 

prairies are typically treeless and experience more noticeable seasonal changes (Blair et al., 

2014). 

Soils in grassland regions tend to be rich in organic matter due to the continuous cycle 

of plant growth and decay (Blair et al., 2014). Most of these soils, such as the Chernozem (i.e., 

Mollisols according to the US Soil Taxonomy), which is found in North American Prairies, are 

among the most fertile soils in the world, making them ideal for agriculture (Bai & Cotrufo, 

2022). However, the conversion of native grasslands to cropland has significantly reduced 

their extent and disrupted the ecological balance (Lark et al., 2020). This transformation often 

leads to habitat loss, reduced biodiversity, and alterations in water and nutrient cycles (Blair 

et al., 2014), and impacts the primary ecosystem’s services provided by grasslands, such as 

carbon sequestration and ecological integrity (Cai et al., 2024; Dao et al., 2021). In comparison 

to forests, the carbon pool in grasslands is smaller; however, they represent approximately 
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25-34% of the global terrestrial carbon store (Liu et al. 2023). The effectiveness of grasslands 

in carbon storage is greater for underground tissues compared to aboveground ones;  This 

higher-level below-ground productivity is attributed to the extensive root systems, while 

aboveground production accounts for less than 30% of the net primary production (Cao et al., 

2019). Grasslands are essential ecosystems that significantly contribute to the agricultural 

sector by providing a sustainable source of nutritious forage for livestock, thereby enhancing 

food security and supporting livestock health and productivity. (Bengtsson et al., 2019). In 

Canada, roughly one-third of agricultural lands (equivalent to 21.1 million hectares, Mha) are 

dedicated to the beef sector (Pogue et al., 2018). This includes 12.9 Mha of native grassland 

and 5 Mha of tame or cultivated grassland (Pogue et al., 2018). 

Grasslands are vital carbon sinks, as they are capable of storing a large amount of 

carbon in both their above- and below-ground structures. The largest portion of their carbon 

is stored underground in the form of soil organic carbon (SOC) (Ghahramani et al., 2019). The 

main sources of this carbon are plant roots, root exudates, and microorganisms, which 

contribute to improved soil fertility, ecosystem stability, and climate regulation. Native 

grasslands can store a larger amount of carbon because of their deeper root systems 

(Ghahramani et al., 2019). Climate change is expected to affect the balance between carbon 

inputs and outputs in grassland soils due to changes in temperature, precipitation, and plant 

composition. SOC in grasslands is stabilized as particulate organic matter (POM) and mineral-

associated organic matter (MAOM) (Bai & Cotrufo, 2022). Dass et al. (2018) reported that in 

the 21st century, rangelands and grasslands function better as carbon sinks than forests since 

they are better able to withstand drought and wildfire. Forests contain most of their carbon 

in trees, which is exposed to the air if fires happen or climate change strikes; in contrast, 

grasslands move carbon to underground storage, protecting it during fires. They 

experimented with different model simulations under various climate scenarios, confirming 

that grasslands absorb more carbon dioxide than forests, except when global emission cuts 

are substantial (Dass et al., 2018). 

Many grassland species, including native and tame types, are found in the Prairie 

region, which is a primary habitat for grasslands (National Grassland Inventory, 2024). Most 

native grasses were degraded in the Prairie due to human disturbance, notably by expanding 

agriculture over the past decades (Scott, 1996). Native grasslands are rich in species diversity 
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and support ecological processes such as pollination and soil and water regulation (Cook, 

2019; Petermann & Buzhdygan, 2021). The significant loss of native grasses has affected the 

dependent species. For instance, grassland birds experienced about a 67% population decline 

since 1970, with several species, like the Chestnut-collared Longspur and Sprague’s Pipit, 

facing the risk of complete extinction (Cook, 2019). Moreover, grasslands help prevent soil 

erosion by preserving soil cohesion and forming a tightly packed root system beneath 

(Watersheds, 2023). The root system enhances soil structure by creating channels for air 

and water movement (Srivastava & Yetgin, 2024), and native grasses have deeper root 

systems, allowing them to sequester more carbon than cultivated grasses (Crews & Rumsey, 

2017). The natural grasslands of Manitoba can be classified into four major groups: Tallgrass 

(south-central Manitoba), Mixed-grass (southwestern Manitoba), Sandhill (southwestern and 

south-central Manitoba) and Fescue (found in Aspen Parkland) (Prairie Grasslands, 2014). The 

main native grasslands found in Manitoba may include big bluestem, Indian-grass, western 

wheat-grass, rough fescue and little bluestem (Forage Species, 2024).  

Native grasslands have been facing serious competition from non-native grasses that 

humans introduced for agricultural goals (Zapisocki et al., 2022). These non-native grasses 

have emerged as invasive species in the native Prairie ecosystem and have been replacing 

native grasses (Zapisocki et al., 2022). For example, Kentucky bluegrass (or bluegrass), which 

now spans the entire Prairie, is a perennial species of grass native to all of Europe and North 

Asia (Carrier & Bort, 1916). The grasses that expanded primarily for agricultural purposes, 

such as livestock grazing, may be considered tame or seeded grasses. In fact, tame grasses 

are those cultivated as forage for cattle and other grazing animals (Ren et al., 2018). Manitoba 

is a major centre for forage and turf seed production in Canada (Agriculture | Province of 

Manitoba, 2024). Various types of grasses and legumes, such as perennial ryegrass, tall 

fescue, timothy, Kentucky bluegrass, and alfalfa, are grown in Manitoba. Some grasses, like 

Kentucky bluegrass and fine fescue, are widely used as turf grasses for recreational activities 

(Agriculture | Province of Manitoba, 2024).  

Grasses are also classified into C3 (cool-season) or C4 (warm-season) depending on the 

type of photosynthesis they use and the attributes of their leaves (Belesky & Fedders, 1995). 

These differences affect the species’ adaptations to various environmental conditions as well 

as the nutritional value and environmental resources used by the plants (Forage Species, 
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2024). Most tame grasses found in Canada are C3 species and usually thrive best when the 

temperature ranges from 18°C to 24°C. They thrive in cool weather and experience their peak 

growth in the spring and early summer months and may go dormant under warmer, drier 

conditions. Perennial C3 grasses include bromegrass, fescues, ryegrass and timothy. Native 

C3 grasses include slender wheat-grass, plains rough fescue, needle-and-thread and june-

grass (Forage Species, 2024). C3 forages tend to produce higher protein content compared to 

C4 grasses and provide the majority of their annual biomass by mid-July. On the other hand, 

C4 grasses can tolerate hot, dry conditions and include corn, sorghum, sorghum-sudan-grass, 

sudan-grass and millet, as well as native grasses such as big and little bluestem, side-oats 

grama, Indian-grass and blue grama. These species thrive in summer, with peak productivity 

occurring from late June through August, making them valuable for late summer or fall grazing 

(Forage Species, 2024). The list of popular native and tame grasses located in Manitoba 

province is provided in Table 1.1, and the pictures of some native grasses are illustrated in 

Figure 1.1.  

Table 1.1. The list of several native and tame grasses found in the Manitoba Prairie Ecozone (PE), along 
with their seasonal growth types, was developed from Badreldin et al. (2021) 

Grass Type Seasonal Type Grass Name 

Native Warm/Cool-easons 

 Little Bluestem, (Schizachyrium scoparium) 
 Switchgrass, (Panicum virgatum) 
 Indian-Grass, (Sorghastrum nutans) 
 Blue Grama, (Bouteloua gracilis) 
 Side-oats Grama, (Bouteloua curtipendula) 
 Needle-and-thread Grass, (Hesperostipa comata) 
 June Grass, (Koeleria macrantha) 
 Plains Rough Fescue, (Festuca hallii) 
 Slender Wheat-grass, (Elymus trachycaulus) 
 Green Needle Grass, (Stipa viridula) 
 Canada Wild Rye, (Elymus canadensis) 
 Giant Wild Rye, (Elymus cinereus) 
 Prairie Dropseed, (Sporobolus heterolepis) 
 Tufted Hairgrass, (Deschampsia caespitosa) 
 Sweetgrass, (Hierochloe odorata) 
 Sheep Fescue, (Festuca ovina saximontana) 
 Purple Oat Grass, (Schizachne purpurascens) 
 Marsh Reed Grass, (Calamagrostis canadensis) 
 Tall Manna Grass, (Glyceria grandis) 
 Buffalo Grass, (Buchloe dactyloides) 

Tame Warm/Cool-season 

 Smooth Bromegrass, (Bromus inermis) 
 Meadow Bromegrass, (Bromus riparius) 
 Timothy, (Phleum pratense) 
 Orchardgrass, (Dactylis glomerata) 
 Tall Fescue, (Festuca arundinacea) 
 Crested Wheat-grass, (Agropyron cristatum) 
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 Perennial Ryegrass, (Lolium perenne) 
 Intermediate Wheat-grass, (Thinopyrum intermedium) 
 Kentucky Bluegrass, (Poa pratensis) 
 Reed Canary Grass, (Phalaris arundinacea) 
 Russian Wild Ryegrass (Psathyrostachys juncea) 
 Sudan-grass, (Sorghum × drummondii) 

 

Figure 1.1. Some of the native grasses are more common in Manitoba: from top to bottom and from left 
to right: (a) switchgrass, (b) prairie cordgrass, (c) nodding ryegrass, (d) needle-and-thread, (e) mannagrass, (f) 
little bluestem, (g) junegrass, (h) Indian-grass and (i) big bluestem. Photos were acquired by Dr. Douglas Cattani 
from the Department of Plant Science, University of Manitoba. 

Many grassland ecosystems worldwide are particularly vulnerable to climate shifts, and 

the Canadian Prairie provinces, such as Manitoba, are already experiencing the impacts (Bush 

et al., 2019). For example, the Prairies experienced an increase in average annual 

temperatures of 1.5 to 2.0°C during the twentieth century and are expected to continue 

warming in the future (Bush et al., 2019; Masson-Delmotte et al., 2021). This increase causes 

the lengthening of the growing season, which initially enhances biomass productivity for 

certain grass species. However, these early-season increases are commonly outweighed by 

heat stress and rapid phenological development in C3 species (Tilman et al., 2006). Advanced 

green-up and flowering lead to a decrease in forage quality and may restrict regrowth during 

the important summer grazing season (Tilman et al., 2006). C4 grasses are likely to thrive and 

become dominant under warmer conditions in mixed grasslands (Havrilla et al., 2023). This 

shift in ecological dominance might result in an increased demand for forage during the late 

summer and fall periods (Vendramini et al., 2023). 
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1.2. The Canadian Prairies: The Largest Habitat for Grasslands 

The Great Plains is one of the ecological regions of North America, which spans over 

three countries, including three Mexican states, 18 U.S. states and three Canadian provinces 

(Figure 1.2). The northern part of the Great Plains, which accounts for approximately 16% of 

the region, is located in Canada. This region, which looks like a triangle, is the Prairie Ecozone 

(PE), which makes up around 5% of Canada’s landmass (Shorthouse, 2010).  

 

Figure 1.2. (a) The location of the Great Plains in North America. (b) The location of the Prairie Region 
within the Great Plains. 

As shown in Figure 1.3, the Canadian PE is located in three provinces of Alberta, 

Saskatchewan and Manitoba, and it is subdivided into seven ecoregions: Aspen Parkland, 

Cypress Grassland, Fescue Grassland, Lake Manitoba Plain, Mixed Grassland, Moist Mixed 

Grassland and Southwest Manitoba Upland (Shorthouse, 2010). Aspen Parkland is the only 

ecoregion that exists across all Prairie provinces. The PE has a semi-arid to sub-humid climate, 

supporting extensive and temperate grasslands (Government of Canada, 2002). The main 

land cover in the PE before European settlement was native grasslands. However, agricultural 

expansion has transformed cropland into the primary land use in the PE (Government of 

Canada, 2002). Thus, many services provided by grasslands, including wildlife conservation, 

soil carbon sequestration and biodiversity maintenance (Badreldin et al., 2021), have 

decreased over the past two centuries (Government of Canada, 2002). The latest report 
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estimated that only 25-30% of native grasslands were preserved in the PE (Roch & Jaeger, 

2014). 

People have lived in the Prairies for 10,000 years, and the A’aninin, Assiniboine, 

Cree, Sioux, and Blackfoot First Nations would often follow the migrating bison as they 

travelled in grassland areas. This long history of connection to the Prairies is one 

indicator of how important grasslands have been in First Nation’s culture. Grassland 

habitats supplied plants and animals for humans as medicine, food, materials, a home, 

and a source of culture, while Indigenous peoples helped to preserve and care for them 

(Whitlaw, 2022). 

  

Figure 1.3. (a) Map of the Prairie Ecozone (PE) showing the PE boundary along with the locations of major 
cities, rivers, and lakes that are within or along the border of the PE. (b) The boundary of different ecoregions 
within PE.  

Annual rainfall in these grasslands is very variable, about 350 mm in some years and as 

much as 500 or 550 mm in others (McGinn & Shepherd, 2003). Around 70–80% of the annual 

rainfall in the Prairies is received mainly as rain, with June and July together making up 20–

35% of the yearly total rainfall, and the growing season comprises 42–54% of that. For the 

southern grasslands, the peak month for rainfall is June, while at higher latitudes, the peak 

month for precipitation is July (Chakravarti, 1972; Wheaton, 1998).  

Regarding the average annual maximum temperature (Tmax), in Alberta, Saskatchewan 

and Manitoba  is 8.4°C, 8.3°C and 7.6°C, respectively. Winter experiences Tmax measuring 

around -2.5°C in southwestern Alberta due to the chinook-driven warming along the Rocky 

Mountains, but average temperatures plummet below -10.5°C in other provinces because of 

the cold continental air. The average maximum temperature in summer in the region is about 

(a) 

(b) 
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25.5°C in the south, but it decreases with both latitude and altitude (S. McGinn & Shepherd, 

2003). 

The warming in the agricultural region of Prairie since 1951 has been reported by 

Cutforth and Judiesch (2007), with annual average daily maximum and minimum air 

temperatures increasing by 0.2 and 0.3 °C per decade, respectively, between 1951 and 2004. 

The meteorological data from 1950 to 2004 also indicated that January-April experienced the 

largest air temperature increase in the Prairie, with maximum and minimum air temperatures 

increasing by 4.9 and 4.8 °C, respectively (Cutforth & Judiesch 2012). 

Knowing about climate change helps explain the changing conditions of prairie 

habitats. In this area, one of the main changes from climate change is a continuous increase 

in temperature. The data from 1900 to 1998 show that the number of very cold days in winter, 

spring and summer dropped in southern Canada and that extremely warm days became more 

frequent in winter and spring (Bonsal et al., 2001). In addition, from 1950 up to 1989, the 

average recorded maximum and minimum temperatures increased by 1.7°C and 1.1°C (Figure 

1.4), respectively (Skinner & Gullett, 1993). 

 

Figure 1.4. The fluctuation of the annual average temperature in Canada between 1948 and 2023 (in 
degrees Celsius) from the 1961 to 1990 reference value (Bush et al., 2019; ECCC, 2025).  

Apart from being warmer, the prairie region has also experienced different 

precipitation patterns. Between 1951 and 2004, the incidence of rainfall events (i.e., any day 

that rain fell) over the Prairies had risen by 4 per decade, but the intensity of those rainfall 
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events had fallen by 4.4% per decade (Mapfumo et al., 2023). Rainfall has risen by about 16% 

from 1956 to 1995, probably due to climate change making spring warmer and earlier, which 

causes snowfall to become rainfall (Mapfumo et al., 2023). 

The current climate projections predict more frequent extreme rain or drought 

conditions in the future (Climate Atlas of Canada, 2022), such as drought stress during early 

summer, which significantly reduces the performance of shallow-rooted C3 grasses and 

legumes. Some native prairie grasses, like big bluestem and switchgrass, may be better able 

to withstand changing precipitation patterns due to their deep root systems (Tilman & El 

Haddi, 1992). Spring rainfall plays a key role in the successful growth and yield of C3 pasture 

crops, while sufficient rain during mid-to-late summer benefits the development of C4 grasses 

(McGinn, 2010). Climate variability makes it challenging to pasture stewardship activities such 

as grazing, seed production and hay harvesting (Craine et al., 2012). The changing climatic 

conditions contribute to plant species composition changes in both native and tame grassland 

(Wangchuk et al., 2021). Higher temperatures and more frequent disruptions, such as drought 

and overgrazing, increasingly enable invasive plant species, like Kentucky bluegrass and 

crested wheat-grass, to become dominant, thus decreasing the plant diversity (Liu et al., 

2018). Such shifts in community structure may impair the functionality of ecosystems, change 

soil microbial communities, and hence result in the local extinction of native species (Liu et 

al., 2018; Schüle et al., 2023). The increase in temperatures could also  decrease the nutrient 

density of forage (Lee et al., 2017). C3 grasses tend to have better forage quality in the early 

part of the growing season, while C4 grasses, which are more resistant to drought, often have 

lower protein and higher lignin levels (Forage Species, 2024). Grazing management practices 

such as shifting grazing times, planting tolerant grasses, or increasing soil fertility can help 

mitigate the effects of climate disruptions on forage nutrient levels, see Figure 1.5 

(Ghahramani et al., 2019). 

Warming can both increase and decrease SOC depending on context-specific 

conditions, reflecting the heterogeneous response of grassland soils to climate change. In 

semi-arid regions, where microbial activity is moisture-limited, warming may stimulate 

microbial processes and enhance carbon stabilization in MAOM through increased root 

inputs. In humid regions, warming removes the temperature limitation on microbial 

respiration, accelerating decomposition and leading to net SOC losses, especially from the 
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more decomposed POM pool. Deeper-rooted native grass plants can help maintain or even 

increase soil carbon reserves in the face of climate change if they're managed using 

appropriate forms of grazing (Bai & Cotrufo, 2022).  

 

Figure 1.5. The various effects of climate change on grasslands in the Prairie Ecozone (PE). 

1.3. The Landscape of Manitoba’s PE 

Three of the seven ecoregions in PE, namely, Aspen Parkland, Lake Manitoba Plain, and 

Southwest Manitoba Upland, are present in Manitoba (Figure 1.6). Aspen Parkland, a unique 

Canadian ecoregion, is found in the province's southwest, with a separate area located 

between the Riding and Duck Mountains. The mean annual air temperature in this ecoregion 

ranges from 1.2 ᵒC to 2.8 ᵒC. The average growing season days ranges from 173 days in the 

north to 183 in the south, with the number of growing degree days ranging from 1470 to 1700 

days. The average annual precipitation ranges from 440 to 530 mm and exhibits significant 

yearly fluctuations. The growing season accounts for the largest proportion of precipitation. 

In Manitoba, annual moisture deficits range from under 140 mm in the north to around 300 

mm in the southwest. The elevations change from 320 meters above sea level (masl) near the 

Manitoba Escarpment to around 600 masl in the hilly uplands to the west, which creates an 

eastward slope and is drained by the Souris, Assiniboine, Qu’Appelle and Pembina rivers. The 

different vegetation types found in the ecoregions include trembling aspen and shrubs on 

moist sites, and bur oak and grassland communities on increasingly drier sites. Dominant 

grasses in this ecoregion include fescues, wheat-grasses, June-grass and Kentucky bluegrass, 

accompanied by a diverse range of deciduous shrubs and herbs. Poorly drained areas support 
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slough grasses, marsh reed grass, sedges, cattails, and shrubby willows (Shorthouse, 2010; 

Smith et al., 1998).  

 

Figure 1.6. Prairie Ecozone (PE) in Manitoba and its ecoregions, including the Aspen Parkland, the Lake 
Manitoba Plain and the Southwest Manitoba Upland. 

Within the Aspen Parkland Ecoregion, two areas are collectively recognized as a 

separate ecoregion, known as the Manitoba Upland Ecoregion. This ecoregion comprises two 

distinct uplands, the Turtle Mountain Upland, which forms the southern part and spans the 

border with the United States, and the Pembina Hills Upland, located within the Aspen 

Parkland, which forms the northern section of the ecoregion in south-central Manitoba (Smith 

et al., 1998). Before settlement, the hills were predominantly forested with trembling aspen 

and bur oak (Smith et al., 1998). Oak trees were distributed on the drier and warmer slopes, 

while extremely dry sites supported shrubs interspersed with grasses and herbs. The Pembina 

Hills, which rise approximately 200 meters above the adjacent Manitoba Plain to the east, 

form a warmer subdivision and serve as an outlier of the Boreal Ecoclimatic Region in 

Manitoba. The Turtle Mountain, which is associated with the Ecodistrict, serves as an outlier 

of the Boreal Plains Ecozone to the north and is a distinguished wooded upland. Agriculture 

is much more prevalent in the Pembina Hills area than in the Turtle Mountain area. The 

average annual precipitation varies from 540 mm in the Pembina Hills section to about 600 

mm in the Turtle Mountain section (Shorthouse, 2010; Smith et al., 1998). 

The most eastern ecoregion of the PE is the Lake Manitoba Plain, which includes 

Winnipeg. This ecoregion stretches northwestward from the US border to Dauphin Lake. It is 

recognized as one of the warmest and most moist regions in the Canadian prairies. The 

average annual air temperature varies between 2°C in the north and 3°C along the Canada-
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United States border. The average temperature in summer is 16°C, while in winter it is -12.5°C. 

The annual precipitation varies between 450 and 700 mm. The elevation of the plain also 

varies from approximately 410 masl near the Manitoba Escarpment to 218 masl at Lake 

Winnipeg. The ecoregion areas were once naturally covered with aspen trees, fescue grasses, 

and various shrubs, but this vegetation disappeared due to cultivation. Tallgrass is one of the 

most endangered ecosystems in North America, reduced to 4 km2—about 0.07% of its original 

6000 km2—in the Red River Basin (Shorthouse, 2010; Smith et al., 1998).  

The dominant grass species in the remaining tallgrass prairies consist of big bluestem, 

switchgrass, Indian-grass, little bluestem, Canada wild rye, and northern wheat-grass. Big 

bluestem is a tall, C4, sod-forming grass known for its high nutritional value and adaptability 

to various conditions. Its colour changes from bluish-green in summer to reddish-brown in 

fall. This species typically grows between 1 and 2 m tall, with a fibrous root system extending 

up to 2 m deep. Switchgrass is most commonly found in prairie lowlands, while little bluestem 

is a medium-height, C4 bunchgrass common on prairie uplands (Shorthouse, 2010). 

Besides grasslands in Manitoba’s PE, other land cover such as wetlands, rivers, lakes, 

prairies, aspen parkland, shrubs, and broadleaf deciduous forest can be found. The main 

rivers in the region are the Assiniboine and Red Rivers. The Red River originates from the U.S. 

and flows northward, emptying into Lake Winnipeg. Its adjacent area was the location of the 

first agricultural colonies in the region (Hanuta, 2006). The Assiniboine River originates in 

eastern Saskatchewan province, flows through Manitoba’s Prairie and eventually joins the 

Red River before emptying into Lake Winnipeg. Wetlands develop in areas with poor 

drainage; parklands form in areas that get more rain or where water flows from the surface; 

and deciduous forests are located along streams and have some coniferous trees at higher 

levels (Hanuta, 2006). The largest land cover class is associated with agricultural production, 

such as wheat, canola, soybeans, and potatoes. According to the Manitoba Grassland 

Inventory (MGI), cropland area was approximately 29,900 km2 in the Prairie region in 2021 

(Agriculture | Province of Manitoba, 2021).  

Historically, grasslands only consisted of native grasses, but today they consist of 

native, tame and mixed classes. Ecologists have classified three distinct Prairie types in 

Manitoba, including tall grass Prairie, mixed grass Prairie and fescue Prairie (The Manitoba 

Museum, 2012). Tall grasses have mostly declined so far, and much of the remaining mixed 



13 
 

grass Prairie has been invaded by spreading aspen and, in some areas, bur oak (Scott, 1996). 

Fescue Prairie is dominated by fescue grasses and is found in areas that are moister than 

mixed grass Prairies. It is predominantly found in the Aspen Parkland, except in the 

southwestern part of Manitoba (The Manitoba Museum, 2012).  

Chernozems are the main type of soil and have a thick surface layer full of organic 

matter (Smith et al., 1998). These soils have developed under native prairie vegetation, where 

a significant portion of plant biomass exists below ground. This results in the accumulation of 

organic matter throughout the soil profile, leading to the formation of dark, fertile topsoil 

layers (Manitoba Agriculture, Food and Rural Initiatives, 2008). In most cases, the reduction 

of organic matter and the thinning of the organic-rich layer in the soil have resulted from 

cultivation. In some instances, it is believed that the current organic content is only around 

50 percent of what it was before (Smith et al., 1998). Nevertheless, the organic matter in 

these soils keeps them naturally fertile and ensures they hold much water. Hence, they are 

still very useful for farming. The Manitoba Prairie region consists of the best soils, including 

the Black, Dark Grey and Dark Brown Chernozems of the Aspen Parkland and the Lake 

Manitoba Plain (Smith et al., 1998). The water deficit during the year is the main reason for 

the differences in Chernozemic soil colour. Most of the region’s dry spots have a water 

shortage of about 200 mm, causing native grasses to be low and have less biomass above and 

below ground. The small amount of organic matter coming from plants leads to soil that is 

grouped as Brown Chernozemic. Being farther west and north of the dry region reduces the 

lack of water, which in turn increases organic carbon and leads to the creation of Dark Brown 

and Black Chernozemic soils. The top levels of soil organic carbon exist in southern Manitoba, 

a region with an annual water deficit of about 70 mm (Pennock, 2021). 

In terms of land morphology, as discussed earlier regarding the properties of each 

ecoregion, the elevation variation of Manitoba’s PE ranges from 218 to 760 masl. As shown 

in Figure 1.7, the elevation map of PE can be divided geographically into two major areas: the 

eastern part with a minimum elevation of around 200 masl, and the western part with more 

height fluctuation, ranging from around 340 to 760 masl. In this part, higher elevation regions 

are distributed primarily around Turtle Mountain, the south and west of Riding Mountain and 

west of Virden.  
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Figure 1.7. Digital elevation model (DEM) of Prairie Ecozone (PE) in the province of Manitoba, ranging 
from 218 to 760 meters. Elevation data were retrieved from SRTM with 30 m spatial resolution.  

1.4. Grassland Mapping Using Remote Sensing Technology 

Grassland classification is a preliminary step for further understanding these valuable 

ecosystems (Wu et al., 2023). The classification of grassland types forms the foundation for 

making decisions, reasonable evaluation, and the utilization of grassland resources (Sun et al., 

2024). Timely and precise data about the grassland classification is indispensable in the 

sustainable planning and successful management of grassland ecosystems (Wu et al., 2023). 

Therefore, reliable grassland surveys, both temporally and spatially, can provide valuable 

insights into the quantity and quality characteristics of grasslands, which are essential for the 

rational development and conservation of these ecosystems (Sun & Ongsomwang, 2023). By 

accurately measuring the spatial distribution and composition of grassland types, it is feasible 

to obtain important vegetation parameters such as grassland yield and degradation status 

(Sun et al., 2024). This information supports the development of effective grassland utilization 

strategies. By timely classification of grasslands, it is possible to track temporal changes in 

grassland composition, such as the transition between C3 and C4 grasses or the spread of 

tame versus native species (Badreldin et al., 2021; Peterson et al., 2002). Agricultural 

expansion, human activities such as urban growth and overgrazing, and climate change are 

significant threats to the grassland biome. These changes can be detected using land cover 

classification, and their long-term trends can be monitored over time. Analyzing the direction 

and rate of these changes enables the prediction of future landscape dynamics based on the 

identified driving factors (Zandler et al., 2022; Zhang et al., 2023).  
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Grassland dynamics are closely linked to understanding changes in gross primary 

productivity (GPP) and net primary productivity (NPP) (Wang et al., 2022). NPP represents the 

difference between the total energy fixed by autotrophs through photosynthesis (GPP) and 

the energy they consume through respiration (R) (Z. Wang et al., 2022). Getting an accurate 

estimate of NPP is essential for evaluating the amount of vegetation growth and the potential 

for carbon sequestration in terrestrial ecosystems. (Lei et al., 2020). In native grassland 

ecosystems, NPP is related to the amount of AGB, giving information on how productive the 

area is and about the availability of forage and the rate of land degradation (Piipponen et al., 

2022). That is why surveillance of NPP helps scholars learn about the ecosystem quality, 

carbon movement and effective use of grass pastures (Piipponen et al., 2022). NPP is directly 

tied to AGB accumulation and provides useful knowledge about ecosystem productivity, 

forage availability, and land degradation status (Zhao et al., 2014).  

AGB is a reliable indicator of grassland health (Jia et al., 2024). Human activities have 

significant effects on the ability of grassland ecosystems to function, especially the quantity 

of plant biomass (Wei et al., 2024). These activities incorporate land use changes, disrupt 

nutrient cycles, and change species compositions. Such complex impacts make it difficult to 

assess their effects precisely (Liu et al., 2007). To have sustainable development and realize 

the terrestrial ecosystem dynamics, quantifying their effects on ecosystem functions is 

fundamental (Wei et al., 2024). Human activities include both positive interferences, such as 

managed grazing (Dong et al., 2022), and negative impacts, such as overgrazing and forest 

clearance (Bardgett et al., 2021), that can affect grassland ecosystem functions. AGB 

variations can show the direct influences of human activities on the grassland (Wei et al., 

2024). Thus, monitoring AGB can help characterize the spatial and temporal effects of human 

activities on the grassland ecosystem. 

Both grassland classification and quantifying grassland AGB offer reliable and beneficial 

insights for various applications in agriculture, ecology, environmental monitoring and 

economic planning, all of which are fundamental for sustainable improvements. Grassland, 

as one of the most extensive biomes, faces challenges for traditional approaches that often 

fail to track the temporal changes and spatial variation across large areas. Time and cost are 

major limitations when analyzing such a large ecosystem over different periods. Remote 
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sensing offers an efficient solution to overcome these constraints by enabling wide-scale and 

timely observation of the Earth's surface.  

Several types of sensors have been used to monitor Earth phenomena so far, including 

terrestrial and aquatic ecosystems. Optical remote sensing is a major group of sensors that 

are widely used for various applications, particularly in grassland monitoring (Wang et al., 

2022). This category can be divided further into subgroups like multispectral, high-spatial 

resolution and hyperspectral remote sensing (Zhu et al., 2017). Moderate Resolution Imaging 

Spectrometer (MODIS), Landsat and Sentinel are some examples of multispectral sensors. 

Their spatial resolution ranges from 250 to 10 meters, meaning that each pixel corresponds 

to a square area on the ground with the same size as the sensor’s nominal resolution (Zhu et 

al., 2017). Satellite data are essential for identifying various grassland types and observing 

changes in vegetation and biomass over time. Remote sensing technology provides an 

efficient, cost-effective way to map and monitor these vast ecosystems, overcoming the 

limitations of traditional field-based methods, which are often time-consuming and labour-

intensive (Wang et al., 2022). Additionally, remote sensing can provide real-time data, helping 

track dynamic changes in grasslands caused by factors like climate change and human 

activities, such as overgrazing (Zeng et al., 2021). 

Grasslands and their dynamics have been evaluated using various sensors and different 

platforms (e.g., satellites, airplanes and drones), but multispectral sensors are more 

commonly used due to their low cost and open accessibility. The first MODIS instrument was 

launched with the Terra satellite in 1999, and the second sensor operated in 2002 with the 

Aqua satellite. They captured images at 36 spectral bands at varying spatial resolutions (two 

bands at 250 m, five bands at 500 m and 29 bands at 1 km). MODIS data, with 1-2 days 

temporal resolution, have been typically utilized for regional and global applications in 

grassland monitoring (Gao et al., 2013; Jia et al., 2016). Landsat and Sentinel are popular 

multispectral sensors that are freely available for users. Landsat has been monitoring the 

Earth for many years, as each new version replaces the one before it. Currently, Landsat 8 and 

Landsat 9 are the last operational sensors in the Landsat series (launched in 2013 and 2021, 

respectively) (Markham et al., 2020). These sensors operate similarly, with a 16-day revisit 

time, and a spatial resolution of 30 meters for Visible, near infrared (NIR), and shortwave 

infrared (SWIR) bands. Meanwhile, the optical Sentinel sensor, which has been working since 
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2015, offers improved spatial resolution (10 m for Visible and NIR, and 20 m for SWIR) and a 

shorter repeated observation period of 5 days (Phiri et al., 2020). Wang et al. (2022) 

discovered that studies making use of MODIS data for grassland observations are greater in 

number than those employing data from Landsat and Sentinel sensors. This situation is linked 

to a variety of factors. MODIS has gathered images of Earth for longer than Landsat 8, Landsat 

9 and the optical Sentinel missions, which have been operating for around a decade. Because 

grassland ecosystems are distributed across a wide range of areas, it is practical to use a 

remote sensing sensor that covers a large area, and MODIS excels at this. MODIS offers 

multiple valuable vegetation products, including the NDVI product MOD13Q1, which is 

directly applied in numerous studies (Wang et al., 2022). 

However, for national and local scales, both Landsat and Sentinel are more practical, 

as they provide higher spatial resolution and greater detail (Hargreaves & Watmough, 2021). 

With the recent and rapid development of cloud-based platforms such as Google Earth Engine 

(GEE), Amazon Web Services (AWS), SEPAL, and NASA NEX, the use of Landsat and Sentinel 

data for even larger-scale applications has become more feasible. Managing and processing 

large volumes of data has been significantly simplified using these cloud-based tools 

(Hargreaves & Watmough, 2021; Parracciani et al., 2024).  

Hyperspectral imagery is a special type of multispectral remote sensing that measures 

continuous spectrum, resulting in hundreds of narrow spectral bands (Amigo, 2019). These 

images have often been utilized for grassland classifications (Dao et al., 2021), AGB estimation 

(Shen et al., 2008), management (Askari et al., 2019; Lyu et al., 2020) and production (Geipel 

& Korsaeth, 2017). High (meters) and ultra-high (centimetres) spatial resolution images 

provide a novel data source for exploring environmental questions with exceptional detail (He 

& Weng, 2018). These high-resolution data are the results of significant progress in platforms 

and sensors. With higher spatial resolution, intraclass variability has increased, making it more 

challenging to analyze and classify images. For example, in grassland imagery with high 

resolution, the details of leaves, stems, gaps and shadows can all be seen in pixels of one 

scene. While this extra detail may improve how accurate maps are, it also adds difficulties for 

segmenting images and choosing features (He & Weng, 2018). Lu and He (2018) utilized ultra-

high spatial resolution of unmanned aerial vehicle (UAV) imagery to investigate the species 
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composition in a heterogeneous grassland ecosystem. High-resolution data were also used in 

grassland AGB modelling (Wang et al., 2014) and grassland use intensities (Asam et al., 2015).  

Besides optical remote sensing, another major type is radar or microwave remote 

sensing, which are usually active sensors imaging in the electromagnetic wavelength range 

from 1 mm to 1 m (Moreira et al., 2013). Microwave signals are emitted to the Earth's surface 

and, after scattering with targets, backscattered to the antenna of the sensor and record the 

physical and dielectric behaviour (Moreira et al., 2013). The radar imaging is side-looking, with 

the platform moving along the flight path while illuminating its footprint obliquely. The main 

characteristic of radar sensors is that they are weather-independent; whether it is rainy or 

foggy weather, they can capture images. They can also penetrate targets, including soils, 

water, forest and so on (Zhu et al., 2017). Radar imaging systems transmit a microwave signal 

that is either horizontally polarized (H) or vertically polarized (V). Polarization refers to the 

orientation of the electric field. Some radar sensors, such as PALSAR, are capable of 

transmitting and receiving microwave signals at both polarization modes (H and V), making 

them fully polarimetric sensors.   

1.5. The Development in Spaceborne Technology  

Observing Earth from space, which provides a broader view, started in the past few 

decades, with the dawn of satellite technology. Since then, numerous remote sensing 

approaches have been developed (Wang et al., 2022). These methods are beneficial for 

applications that require monitoring extensive areas and repetitive data to track changes in 

dynamic themes, such as agriculture (Palanisamy et al., 2019), water quality (Gholizadeh et 

al., 2016), and sea temperature (Merchant, 2013). A brief overview of remote sensing 

principles is provided to support the methodological approach. 

Remote sensing is any technique used to gather information about an object that does 

not require touch or physical contact with the object. Remote sensing is composed of three 

elements, including the platform, target or object and the instrument or sensor (Campbell & 

Wynne, 2011). The primary requirement for operating a remote sensing system is to have a 

source of energy to illuminate the objects. This energy, which is in the form of 

electromagnetic radiation, can be produced by sensors or by the sun as a source of energy or 

radiation (Campbell & Wynne, 2011). Thus, based on the source of energy remote sensing 
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sensors can be divided into two groups: (i) active sensors when sensors emit their 

electromagnetic radiation and measure the reflected or scattered signal [examples include 

RADAR (Radio Detection and Ranging), LiDAR (Light Detection and Ranging)], and (ii) passive 

sensors when sensors detect natural electromagnetic radiation emitted or reflected by 

objects, typically from the sun [examples include optical, multispectral, hyperspectral, and 

thermal infrared sensors] (Canada Centre for Remote Sensing, 2010). Two examples of optical 

and radar imagery, which were acquired by Sentinel-2 and Sentinel-1 sensors, respectively, 

around Winnipeg are shown in Figure 1.8.  

  

Figure 1.8. Remote sensing imagery of Winnipeg and neighbouring areas using (left) the Passive Sentinel-
2 sensor and (right) the Active Sentinel-1 sensor.  

Orbits or paths of satellites that carry sensor(s) are carefully designed to match the 

sensor’s objective and capability. Satellites that observe a portion of Earth continuously have 

geostationary orbits. Weather monitoring and communications satellites follow these types 

of orbits. Many remote sensing platforms follow the north-south orbits to cover the majority 

of the Earth’s surface. These orbits are called near-polar orbits, also known as sun-

synchronous orbits (Campbell & Wynne, 2011). It is because these satellites in these orbits 

pass over the same location on Earth at approximately the same local solar time each day. 

This means that the angle of sunlight remains consistent for every pass, ensuring uniform 

lighting conditions for imaging. In these orbits, when the satellite moves northwards, it is on 

its ascending pass, and then moving toward the southern pole is known as the descending 

pass (Campbell & Wynne, 2011).   

The era of repetitive and systematic Earth observations began with the launch of the 

first multispectral scanner system (Landsat 1) in 1972. To date, many multispectral sensors, 
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e.g., the Landsat series, MODIS, High Resolution Visible and Infrared (HRVIR), the SPOT family, 

IKONOS, GeoEye sensors, and the Sentinel constellation, have been utilized to derive data for 

various applications, such as environmental assessment and global change detection, 

mapping, military surveillance, and ecosystem monitoring (Badreldin et al., 2017; Wang et al., 

2020). However, remote sensing methods face various challenges involving spatial and 

temporal resolution, spectral bandwidth, and data deluge (Wang et al., 2022).  

1.5.1.  Satellite Image Characteristics  

The distance between objects on Earth and the spaceborne platforms determines how 

much detail the sensor can capture and the total area covered in each image. Spatial 

resolution has a direct relationship with the height of the sensor. When a sensor has a spatial 

resolution of 10 meters, meaning each pixel in the image represents a 10 by 10-meter square 

on the ground. The required resolution is determined based on the scale of the application, 

whether local, neighbourhood, national, or continental. Images with highly detailed features 

are considered to have fine or high resolution; those with low detail are referred to as coarse 

or low resolution. In general, the finer resolution images capture more details but cover a 

smaller area on the ground (Chuvieco, 2020).  

Spectral resolution describes how precisely a sensor can detect and distinguish 

different wavelengths of light. Different types of features and details can be differentiated by 

comparing their spectral responses across specific wavelength bands. For example, to easily 

distinguish between different rock types, a sensor with higher spectral resolution is required. 

In contrast to multispectral sensors that have several bands, hyperspectral sensors capture 

hundreds of narrow bands (Chuvieco, 2020).  

The radiometric properties define the potential of a sensor to distinguish different 

levels of grey scale (Figure 1.9). When an image is captured by a sensor, the sensor's sensitivity 

to electromagnetic energy influences its radiometric resolution. The radiometric resolution 

indicates how precisely a sensor can measure the intensity of the electromagnetic radiation 

it receives (Rani et al., 2023). As images are recorded in digital format, the level of grey scale 

values is measured in bits and bytes. For instance, a sensor with 8-bit radiometric resolution 

can record 256 levels of intensity (28 = 256), or a 12-bit sensor can detect 4,096 levels (212 = 

4,096). Generally, finer radiometric resolution results in larger data volumes (Rani et al., 

2023).  
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Figure 1.9.  Image contrasting lower (left) and higher (right) radiometric resolution, showing the greater 
level of grey scale (Canada Centre for Remote Sensing, 2010.) 

Temporal resolution refers to how often a sensor revisits and captures data from the 

same area on Earth's surface. This frequency is determined by the sensor's characteristics and 

the satellite’s orbital pattern. Depending on the sensor's role, temporal resolution can vary. 

For example, Landsat 8 has a revisit time of approximately 16 days, while other sensors like 

MODIS can provide near-daily observations. The temporal resolution plays a pivotal role in 

monitoring changes taking place in a specific area on Earth over time. These changes, whether 

natural or human-induced, often result in different spectral characteristics that can facilitate 

the detection of certain features. For example, it enables the measurement of urban 

development over time or helps distinguish between similar crops, such as wheat and maize, 

based on their different growth patterns (Kotawadekar, 2021).  

1.6. The Application of Artificial Intelligence in Monitoring Grasslands  

Artificial intelligence (AI) is rapidly advancing the field of grassland monitoring, offering 

new tools for assessing grassland health, productivity, and ecological changes (Diouf et al., 

2016; Iqbal, 2024; Morais et al., 2021; Pinna et al., 2024). Integrating AI with remote sensing 

and digital infrastructure (e.g., high-performance computers and quantum computers) allows 

researchers and land managers to monitor grassland ecosystems more accurately and 

frequently. AI includes technologies enabling machines to mimic human cognitive abilities, 

while machine learning, a subset of AI, allows systems to automatically improve through 

experience (Google, 2025).  
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Machine learning algorithms enhance the accuracy and efficiency of grassland 

classification and AGB estimation when applied to data obtained from remote sensing. 

Machine learning models, such as random forest (RF), support vector machine (SVM), and 

artificial neural networks (ANN), can process complex, high-dimensional datasets and uncover 

patterns that traditional methods might miss (Dusseux et al., 2022; Morais et al., 2021). These 

algorithms are particularly useful for analyzing large datasets that cover extensive areas. 

Machine learning models can be trained using labelled data (i.e., a training set) to recognize 

specific grassland types and estimate aboveground biomass (AGB) values, facilitating 

continuous and accurate monitoring of grassland ecosystems. As more high-quality remote 

sensing data is available and machine learning can process non-linear relationships, using 

both technologies together greatly helps in improving grassland management, protecting 

them and monitoring the carbon cycle (Fan et al., 2022; Mohajane et al., 2021). ANN, 

especially back-propagation models, is used to estimate AGB with high accuracy. These 

models utilize field measurements and remote sensing data, providing detailed spatial 

coverage and outperforming traditional regression methods (R2 = 0.75-0.85 versus 0.40-0.64) 

(Zeng et al., 2021).  

As humans learn from experience, machines can learn from experience and improve 

their performance through computational methods. In computer systems, data or 

observations play the role of experience (Zhou, 2021). By developing learning algorithms and 

creating models, the model is able to make predictions about an occurrence (e.g., biomass, 

cropland classification, and CO2 emission). Depending on the type of prediction output, 

whether it is discrete or continuous, it is called a classification or regression problem (Zhou, 

2021). Machine learning methods can be broadly divided into two main classes: supervised 

learning and unsupervised learning (Zocca et al., 2017).  

In supervised learning, the learning process is achieved by previously labelled data, so 

supervised learning algorithms can predict similar but unlabelled data (Zhou, 2021). This type 

of learning algorithm may be used for classification and/or regression problems (Lary et al., 

2016), based on whether the output is discrete or continuous values [Equation (1)].  

    𝑓: 𝑋 (𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠) → 𝑦 (𝑐𝑙𝑎𝑠𝑠𝑒𝑠 = 𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑒 𝑣𝑎𝑙𝑢𝑒𝑠 𝑜𝑟 𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑜𝑢𝑠 𝑣𝑎𝑙𝑢𝑒𝑠)          (1) 
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Training data are the collection of observations or features used to teach machine 

learning models how to make predictions. Depending on whether they are labelled or not, 

they are used for supervised or unsupervised problems, respectively. Training data should 

cover a wide range of scenarios (i.e., system parameters space) to ensure the model learns 

diverse patterns and relationships (Lary et al., 2016). The process of analyzing the prediction 

model using new data is testing. A random subset of the data is used as testing data to check 

the model functionality (also called validation) (Lary et al., 2016).  

Error rate is the proportion of misclassified samples (f) to the total number of samples 

(s). Accordingly, accuracy is 1 −  
𝑓

𝑠
  or 1 − 𝑒𝑟𝑟𝑜𝑟 𝑟𝑎𝑡𝑒. In general terms, the difference 

between predicted values generated by machine learning models and corresponding ground 

truth or true values is called error and indicates model performance. While this error is 

calculated using training data, it is called training error or empirical error, and while the error 

is calculated using test data, it is called generalization error. Two key problems that affect 

machine learning performance are overfitting and underfitting. Overfitting occurs when the 

learner model learns the training data ‘‘too well’’, making it perform excellently on training 

data but poorly on new data. On the opposite, when the learner model is too simple to 

capture underlying patterns in training data (Zhou, 2021).  

There are several types of machine learning models, like RF, SVM and ANN, that were 

used in this research and in the following sub-sections, an overview of each model will be 

provided.  

1.6.1. Decision Trees (DTs) 

DTs are one of the popular machine learning methods used for classification and 

regression. Each DT consists of decision nodes and leaf nodes (Figure 1.10). 
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 Figure 1.10. A complete decision tree (DT) model, where there is a hierarchical tree structure that begins 
with one main question at the top, called the root node. Internal decisions are new decision nodes that were 
leaf nodes before.  

Selecting the optimal splitting feature is the key step in the DT learning algorithm. 

Ideally, as splitting progresses, the purity of each node should increase, meaning that most 

samples in a node belong to a single class. The Gini index and entropy are two main 

approaches used to measure the node purity in DTs (Zhou, 2021). The Gini index, as shown in 

Equation (2), is computationally more efficient as it measures node impurity. A lower Gini 

value indicates higher node purity, meaning the samples predominantly belong to a single 

class (Hastie et al., 2009).  

𝐺𝑖𝑛𝑖(𝐷) = 1 − ∑ (𝑃𝑖)2𝑛
𝑖=1           (2) 

where, Pi is the probability of an object being classified into a particular class.  

DTs suffer from several key limitations, including overfitting, instability and class 

imbalance issues, which impact their performance and reliability (Géron, 2022). Ensemble 

methods that utilize DTs as base learners (e.g., RFs, Gradient Boosted approaches) effectively 

address the key limitations of individual DTs (Géron, 2022). Gradient tree boosting 

(GTB) and RF are both popular ensemble learning techniques used in machine learning for 

classification and regression tasks. The current ensemble methods can be divided into two 

main types based on how the base models are generated (Zhou, 2021). The first type, 

illustrated by Bagging and RF, produces independent learners that can be generated in 

parallel. The second type, exemplified by Boosting, develops highly interdependent learners 

sequentially (Zhou, 2021). RF constructs multiple DTs independently. Each tree is built on a 

randomly selected subset of the training data (bootstrapping) and a random subset of 

features. The final prediction is determined by a majority vote among all trees (Géron, 2022). 

GTB builds DTs sequentially. Each new tree in the ensemble focuses on reducing the errors 

made by the previous trees. The algorithm fits each new tree on the residual errors of the 

previous ensemble (Géron, 2022). Both algorithms are illustrated in Figure 1.11 for better 

understanding. 
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Figure 1.11. Graphical illustration of random forest (RF; top) and gradient tree boosting (GTB; bottom) 
algorithms (Jiao, Hu, et al., 2020; Jiao, Sun, et al., 2020). 

1.6.2. SVM 

SVMs are a supervised learning method used for classification and regression tasks 

(Zocca et al., 2017). They work by finding the optimal hyperplane that maximizes the margin 

between different classes in the feature space (Zocca et al., 2017). The equation of a 

hyperplane can be expressed as the following linear function [Equation (3)]:  

𝑊𝑇𝑋 + 𝑏 = 0                  (3) 

where W=(w1, w2, …, wd) is the weight vector that is normal to the hyperplane, and b is the 

bias. The coefficients (𝑤, 𝑏) control the hyperplane (Zhou, 2021). In Figure 1.12, a 2D graph 

is displayed in which the hyperplane is a straight line. As shown, the best hyperplane is the 

plane that has the maximum distance from two groups of points (Zhou, 2021).  The distance 

from any point to the hyperplane (w, b) can be expressed by Equation (4): 

𝑑 =  
|𝑤𝑏𝑥+𝑏|

‖𝑤‖
      (4) 
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Figure 1.12. Illustration of support verctor machine algorithm. Left: there are several hyperplanes to 
separate blue balls from red balls, but only one optimal hyperplane with maximum margin. Right: optimal 
support vectors and margins.  

If sample data are not linearly separable, SVM can deal with such cases through two 

key ways: First, using soft margins. It works by intentionally allowing some misclassified 

training examples to improve the model's generalization ability (Zocca et al., 2017). By 

comforting the strict linear reparability requirement, this approach prevents overfitting and 

enhances robustness to noise. The second approach is using the kernel trick that maps the 

input space into a higher-dimensional feature space where linear separation becomes 

possible, using kernel functions as illustrated in Figure 1.13 (Zocca et al., 2017).  

 

Figure 1.13. Illustration of kernel separation in support vector machines (SVMs). In the left graph, a non-
linearly separable dataset was shown before the kernel was applied. On the right, the same dataset after the 
kernel has been applied, and the classes become linearly separable using a hyperplane. 

1.6.3. ANN 

ANN was first formulated in 1943 by McCulloch and Pitts (Zhou, 2021). They were 

inspired by the biological function of neurons in the human brain (Poddar, 2024). Over the 

decades, advancements in technology, particularly in information technology (IT), have 
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significantly impacted artificial intelligence (Russell & Norvig, 2016). These developments, as 

well as the emergence of large-scale datasets, have driven the evolution of neural networks, 

from early single-layer perceptrons (Rosenblatt, 1958) to modern architectures like 

convolutional neural networks (CNNs) (Kelleher, 2019). The key components of artificial 

neural networks comprise neurons, layers, weights, biases, activation functions, and training 

processes (Poddar, 2024). The basic units are neurons that receive inputs and are governed 

by a threshold and an activation function (Figure 1.14).  

  

Figure 1.14. Illustration of an artificial neural network. The left figure shows the input and output 
structure of a biological neuron (Poddar, 2024). On the right, McCulloch-Pitts (or perceptron) provides a 
decision/output based on input data (Graupe, 2013). Its activation function and weighted inputs mimic the 
functions of biological axons and dendrites, respectively (Graupe, 2013).  

ANNs consist of layers, including input, output, and hidden layers, with greater layer 

depth indicating higher model complexity (Figure 1.15). Each connection between neurons 

carries information, regulated by weights and biases. These weights and biases determine the 

influence of one neuron on another. During the training process, the values of biases and 

weights are adjusted. Activation functions play a vital role by introducing non-linearity into 

the system, enabling neural networks to capture sophisticated patterns in data. Popular 

activation functions include Rectified Linear Unit (ReLU), Sigmoid, and Tanh. The training 

process involves regulating the weights and biases to minimize the difference between the 

model’s predictions and actual outputs. Typically, backpropagation integrated with 

optimization techniques like gradient descent is used to update weights and biases (Poddar, 

2024). 
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Figure 1.15. The architecture of an artificial neural network (ANN) model (Vawda et al., 2024). 

1.7. Thesis Objectives 

Mapping grasslands within the Prairie region of Manitoba was a major goal of this 

research (Chapter 2). A novel hierarchical AI-based strategy was designed to differentiate 

between three distinct grassland classes (native, mixed, and tame grasses). Apart from two 

classifications conducted by government organizations, specifically annual crop inventory 

(ACI) and MGI, there is a lack of comparative research on mapping grasslands in Manitoba’s 

PE.  A specific section of this study aims to fill this gap by providing a comparative classification 

map for the region.  

There were also several sub-goals within the classification map, including handling 

different remote sensing sensors, such as Sentinel-1, Sentinel-2, Landsat 8-9, and evaluating 

their capabilities in land cover classification. Finding an optimal data combination and using 

multi-temporal imagery were key components of satellite data processing aimed at improving 

grassland classification accuracy. Meanwhile, the study assessed different classification 

machine learning methods, including RF, SVM and GTB, in terms of grassland classification 

performance. Finally, two fusion techniques, such as hue, saturation, and value (HSV) and 

Brovey transformation (BT), were evaluated, as it was not possible to use multi-temporal 

imagery, and their effects on grassland classification accuracy were examined. 

The second major goal of this research was to estimate grassland AGB using remote 

sensing data (Chapter 3). While several studies worldwide have focused on remote sensing-

based methods to estimate AGB in grasslands, this study was the first to specifically utilize 

remote sensing data and machine learning techniques to assess grassland AGB in Manitoba’s 

Prairie Ecozone (PE). This study aimed to assess various relationships between spectral indices 



29 
 

and in-situ biomass samples. Several sub-objectives supported the main objective of Chapter 

3. First, three optical remote sensing sensors, including PlanetScope, Sentinel-2 and Landsat 

8-9, featuring various spatial and temporal resolutions, were used to evaluate their 

effectiveness in estimating grassland AGB. Meanwhile, several types of statistical models, 

including parametric models [i.e., univariate and multivariate linear and exponential 

regression models] and machine learning methods [i.e., RF, SVM, and ANN], were assessed 

for estimating biomass. Additionally, a regression model was used to populate biomass 

samples, facilitating the generation of synthetic samples throughout the entire growing 

season. Finally, the effect of environmental features like precipitation, temperature and 

elevation on grassland estimation was examined.  

1.8. Structure of Thesis 

This thesis includes two manuscript-format research chapters, prepared following the 

thesis guidelines set out by the Department of Soil Science at the University of Manitoba. 

Chapter 1 provides a general introduction to the concept of grasslands and their ecosystem 

services in Canada, particularly in Manitoba, as well as an overview of machine learning 

approaches, remote sensing technology, and the objectives of the research. Chapter 2 focuses 

on the approaches used to classify grasslands in Manitoba’s PE. A grasslands map is generated 

to show the spatial distribution of native, tame and mixed grasses. Chapter 3 explains how 

grassland AGB is estimated using remote sensing data. In this chapter, parametric and 

machine learning models are assessed to estimate grassland AGB using various remote 

sensing data with different spatial resolutions. In addition, auxiliary data like climatic factors 

and elevation variable are also evaluated in biomass estimation. Chapter 4 highlights the 

research findings and offers recommendations for future research development using novel 

tools and datasets. 
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2. MAPPING GRASSLAND IN MANITOBA'S PRAIRIE ECOZONE1 

2.1. Abstract 

Accurate and reliable knowledge about grassland distribution is essential for farmers, 

stakeholders, and the government to manage grassland resources from agro-economic and 

ecological perspectives effectively. This study developed a novel pixel-based grassland 

classification approach using three supervised machine learning algorithms, which were 

assessed in the province of Manitoba, Canada. The grassland classification process involved 

three stages: (1) to distinguish between vegetation and non-vegetation covers, (2) to 

differentiate grassland from non-grassland landscapes, and (3) to identify three specific 

grassland classes (tame, native, and mixed grasses). Initially, this study investigated different 

satellite data, such as Sentinel-1, Sentinel-2, and Landsat 8 and 9, individually and combined, 

using the random forest (RF) method, with the best performance at the first two steps 

achieved using a combination of Sentinel-1 and Sentinel-2. The combination was then utilized 

to conduct the first two steps of classification using support vector machine (SVM) and 

gradient tree boosting (GTB). In step 3, after filtering out non-grassland pixels, the 

performance of RF, SVM, and GTB classifiers was evaluated with combined Sentinel-1 and 

Sentinel-2 data to distinguish different grassland types. Eighty-nine multitemporal raster-

based variables, synthetic aperture radar (SAR) backscatters, and digital elevation model 

(DEM) were input for machine learning models. RF had the highest classification accuracy at 

69.96% overall accuracy (OA) and a Kappa value of 0.55. After feature selection, the variables 

were reduced to 61, increasing OA to 72.62% with a Kappa value of 0.58. GTB ranked second, 

with its OA and Kappa values improving from 67.69% and 0.50 to 72.18% and 0.58 after 

feature selection. The impact of raster data quality on grassland classification accuracy was 

assessed through multisensor image fusion. Grassland classification using the Hue, 

Saturation, and Value (HSV) fused images showed higher OA (59.18%) and Kappa values (0.36) 

than the Brovey Transform (BT) and non-fused images. Finally, a web map was created to 

show grassland results within the Soil Landscapes of Canada (SLC) polygons, relating soil 

landscapes to grassland distribution and providing valuable information for decision-makers 

                                                      
1 This chapter is based on the following published article: Mousavi, M., Biney, J. K. M., Kishchuk, B., 

Youssef, A., Cordeiro, M. R., Friesen, G., … & Badreldin, N. (2024). A hierarchical machine learning-based strategy 
for mapping grassland in Manitoba’s diverse ecoregions. Remote Sensing, 16(24), 4730. 
https://doi.org/10.3390/rs16244730  

https://doi.org/10.3390/rs16244730
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and researchers. Future work may include extending the current methodology by considering 

other influential variables, like meteorological parameters or soil properties, to create a 

comprehensive grassland inventory across the whole Prairie Ecozone of Canada. 

2.2. Introduction 

Grasslands account for around 40% of the Earth's terrestrial surface (Y. Wu et al., 2023) 

and are one of the most biologically diverse ecosystems (Roch & Jaeger, 2014). Globally, 

grasslands make a major contribution to the feed supply for livestock (Gibson, 2009). Soil and 

water conservation, carbon sequestration, and landscape biodiversity are other ecosystem 

services that grasslands provide (McInnes et al., 2015). The Prairie ecozone (PE) of Canada is 

an important and vulnerable ecozone due to its susceptibility to climate change and intensive 

agricultural production (Henderson & Sauchyn, 2008; Shorthouse, 2010).  Native grasslands 

are degrading due to various stressors such as land use conversion to agriculture, grazing or 

recreation, the spread of invasive species, and climate change (Dao et al., 2021; Xu & Guo, 

2015).  

Mapping the distribution of native grasses is important to reverse degradation and 

promote biodiversity maintenance and species conservation (Godfree et al., 2017). Native 

grasses are important habitats for many wildlife species, including birds, mammals and 

insects. The loss of a significant amount of habitat has effects on the species that depend on 

it. The major threats to native grasslands in the Prairie regions include conversion of native 

grasslands to agricultural lands and the spread of non-native grasses due to anthropogenic 

interventions for economic benefits, resulting in the disappearance of local grasses over the 

past years (Mardian et al., 2021). For instance, Kentucky bluegrass (or blue grass) has been 

spreading across the Prairie that originally is native to Europe and North Asia (Carrier & Bort, 

1916). Thus, monitoring the grassland ecosystem allows us to detect changes within the 

ecosystem and transitions between ecosystems when it interacts with the surrounding 

ecological systems.  

Bi-temporal change detection allows for the identification of land use and land cover 

(LULC) changes in an area at different times. Ecosystems, particularly the grassland biome, 

are dynamic and human activities and climate changes can intensify the destructive or 

instructive alterations and damage the ecosystem's balance. This is particularly important for 
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ecologists, farmers, and stakeholders to track the trend in LULC changes. As shown in Figure 

2.1, there were changes among some main LULC classes in Manitoba’s Prairie region from 

2012 to 2015. For example, pastures/forage areas have declined 60% (mainly changed to 

Grassland/Pasture class) while cropland has expanded 8%. The large change may be due to 

classification errors caused by spectrally similar classes, highlighting the importance of using 

a reliable classification method. This diagram was created using the Agriculture and Agri-Food 

Canada (AAFC) annual crop inventory (ACI) classification map and indicates the flow of 

changes over time. Land cover changes are generally detected using two broad approaches: 

pre-classification (which focuses on identifying changes in pixel values directly) and post-

classification (which identifies changes in the classifications) (Basu & Das, 2021). In Figure 2.1, 

post-classification method was used with ACI data.  

 

Figure 2.1. Sankey diagram of land use and land cover (LULC) changes between 2012 and 2015 using 
annual crop inventory (ACI) data. 

Grassland monitoring using remote sensing technology has gained significant attention 

in recent years due to the spatial representation of landscape heterogeneity and the temporal 

frequency of monitoring growth dynamics (Zhou et al., 2024). Continuous assessments 

provide a unique opportunity to quantify grassland changes, distinguish between grassland 

types (Barrett et al., 2014), evaluate grazing impacts (Huo et al., 2024; Stumpf et al., 2020), 
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promote conservation and pasture stewardship (Lyu et al., 2020), and measure disturbances 

caused by drought and wildfire (Liu et al., 2019; Yan et al., 2020; Zhang et al., 2018).  

Remote sensing methods are beneficial because they offer a non-destructive method 

of collecting data from extensive geographic areas repetitively and frequently over time 

(Inoue, 2003). In-situ observations are limited in monitoring large areas due to time and 

financial resources, and remote sensing has been increasingly used to address these problems 

(Muro et al., 2022; Zhang et al., 2022). Lyu et al. (2024) reviewed the use of remote sensing 

technology for grassland biodiversity monitoring in relevant studies from 2000 to 2022. They 

found out that current monitoring of grassland biodiversity has faced some problems, 

including the lack of fusing multisource remote sensing and a suitable analytical tool. They 

recommended combining the air and ground sensor networks to regularly observe grassland 

biodiversity in different ways, over a range of areas and throughout the food chain (Lyu et al., 

2024). Remote sensing data can be used to measure various ecophysiological variables of a 

plant, such as biomass, leaf area index (LAI), phenology, yield, transpiration, photosynthesis, 

physiological stress response, water, chlorophyll and nitrogen contents, at a large scale 

(Inoue, 2003).  

Multispectral spaceborne sensors (MSS) have been the primary data source for 

mapping grasslands (X. Wang et al., 2022). Landsat satellite series images with 30 m spatial 

resolution provide a great opportunity for long time-series analysis with datasets available 

since the 70’s (Reinermann et al., 2020; Schwieder et al., 2022). The Moderate Resolution 

Imaging Spectroradiometer (MODIS) has a continuous (i.e., more frequent revisits) regional 

coverage with various spectral and spatial resolutions since 2002 (Hubert-Moy et al., 2019; 

Paltsyn et al., 2017). Since 2017, imagery collected by Sentinel-2 constellations at 10 m spatial 

resolution has also been used for grassland classification and mapping its spatial distribution 

(Abdollahi et al., 2022; Badreldin et al., 2021). Among multispectral remote sensors, MODIS, 

Landsat and Sentinel are the three most commonly used in grassland applications (Z. Wang 

et al., 2022). Recently, there has been a tendency to use sensors mounted on drones in 

monitoring grasslands. These unmanned aerial vehicle (UAV) sensors, particularly useful for 

monitoring grassland at local and farm scales, are beneficial in agriculture, mapping, and 

other fields (Zhang et al., 2022). If they combine with hyperspectral sensors, their high-spatial 
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resolution and high-spectral resolution make them suitable for monitoring grassland 

degradation (Zhang et al., 2022).  

Spectral vegetation indices (VIs) derived from MSS products have been frequently used 

to discriminate between different terrestrial ecosystem species (Ali et al., 2016). Normalized 

difference vegetation index (NDVI) and enhanced vegetation index (EVI) are two common VIs 

used to monitor grasslands (Paltsyn et al., 2017). McInnes et al. (2015) have used seasonal 

NDVI time series of MODIS to classify grasslands in the grasslands Prairie region of Alberta 

with 73% overall accuracy (OA) in the dry mixed normalized difference moisture index 

(NDMI). Frank et al. Frank et al. (2022) demonstrated the capability to use three vegetation 

indices (VIs), namely NDVI, NDMI, and plant senescence reflectance index (PSRI), to 

differentiate among six grassland/forage types in three Canadian ecoregions located in 

Saskatchewan. Their classification results indicated that VIs can separate various classes in 

the Moist and Mixed Ecoregions, with some challenges in the Fescue Ecoregion (Frank et al., 

2022). Badreldin et al. (2021) mapped the distribution of native, tame and mixed grasslands 

using massive remote sensing data and various vegetation features across Saskatchewan’s 

mixed grassland ecoregion with an OA of 90.2%, which indicated the importance of 

developing a classification strategy that considers landscape heterogeneity (e.g., soil type and 

climate regime). 

Besides optical remote sensing, radar remote sensing has also been utilized to map 

grasslands, either individually or in combination with optical sensors. Unlike optical remote 

sensing, synthetic aperture radar (SAR) remote sensing is not restricted by atmospheric 

interventions, such as clouds and aerosols that limit the short wavelength transmission 

(Molema et al., 2025). Although radar imagery is less visually interpretable than optical 

imagery, it can penetrate objects and provide valuable information about the vertical 

structure of vegetation (Canada Centre for Remote Sensing, 2010). SAR data can enhance land 

cover classification, especially when combined with optical data (Prasad et al., 2022). Prasad 

et al. (2022) reported that integration of Sentinel-1 and Sentinel-2 made a high OA ranging 

from 87.0 % to 89.5 % over different years. Fathololoumi et al. (2022) evaluated the effect of 

surface biophysical characteristics, such as moisture, greenness and surface backscattering, 

derived from optical and radar sensors on land crop/cover identification and classification in 
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Ontario, Canada. Their results also showed that the combination of features achieved better 

classification performance in land cover classification.  

With the increased availability of remote sensing products, the importance of assessing 

and using supervised machine learning algorithms has increased dramatically to assess their 

use in a wide range of applications, such as monitoring of land cover conditions and dynamics, 

as well as detailed landscape classification (Abdi, 2020; L. N. Smith et al., 2019; Willcock et al., 

2018). Large, complex datasets have been effectively processed by various supervised and 

unsupervised machine learning algorithms for large-scale land cover classification (Yu et al., 

2024). For example, Zhao et al. (Zhao et al., 2022) classified grasslands in Zambia using the 

random forest (RF) type of machine learning. Similarly, B. Sun et al. (2024) also used RF for 

grassland classification, indicating that RF is a reliable grassland classification method. Other 

types of popular machine learning methods, like support vector machine (SVM) and artificial 

neural networks (ANN), were also used for grassland classification (N. Wu et al., 2023). 

Recently, researchers have been leveraging deep learning technology like convolutional 

neural networks to extract high-level image features, improving learning efficiency (Y. Wang 

et al., 2023).  

This study aimed to classify native, tame, and mixed grassland classes across 

approximately 69,647 km² of Manitoba's PE using the Google Earth Engine (GEE), a cloud-

based platform that facilitates the analysis and visualization of large-scale geospatial datasets. 

The methodology consisted of a novel classification strategy designed to obtain the highest 

grassland classification accuracy in highly diverse ecoregions and soil types.  

A three-step classification scheme was designed to create a reliable grassland map in 

the final step. The first two steps primarily focused on distinguishing grassland from non-

grassland areas. This classification process utilized satellite data (optical and radar), 

topographic data generated by the Shuttle Radar Topography Mission (SRTM), and vegetation 

indices (VIs) extracted from optical data as input for three machine learning algorithms, 

namely, RF, SVM and gradient tree boosting (GTB). The research goals were as follows: (1) to 

determine the optimal satellite data combination among Sentinel-2, Landsat 8 and Landsat 9 

and combined with SAR data such as Sentinel-1; (2) to evaluate the performance of three 

widely used machine learning algorithms, such as RF, SVM, and GTB, in mapping grassland 

through three steps. A feature selection technique was applied to improve classification 
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accuracy and reduce dimensionality; (3) to investigate the effect of image fusion techniques 

on grassland classification by using combined data from multiple sensors to enhance data 

quality beyond what a single data source can provide. Two main fusion techniques using hue, 

saturation, and value (HSV) and the Brovey transform (BT) were included in this study. For 

objectives 1 and 2, multi-temporal data were used to increase the number of variables and 

account for phenological growth stages in the models. Lastly, a web map was developed to 

show the results of all tests conducted in the context of the Soil Landscapes of Canada (SLC) 

database. 

2.3. Materials and Methods 

2.3.1. Study Area Description 

The study zone spanned across Manitoba’s PE with a total area of 69,647 km2 (Figure 

2.2). The area includes different ecoregions, such as the Aspen Parkland, the Lake Manitoba 

Plain and the Southwest Manitoba Uplands (Encabo et al., 2023). A large proportion of the 

region is used for agriculture, with smaller areas of natural land cover. Woodlands comprise 

a small percentage of the land cover in PE, mainly in the Aspen Parkland ecoregion. The 

grassland species in Manitoba’s PE can be found in all ecoregions, consisting of native species 

like needle grasses, June-grass, wheat-grasses, blue grama grass, pasture sage, and non-

vascular species. Additionally, there are tame species such as crested wheat-grass, alfalfa, 

Russian wild rye, and sweet clover. Precipitation varies from less than 280 mm/yr in the dry 

core area to 540 mm/yr in the Lake Manitoba Plain Ecoregion. The climate is variable, with 

cool to very cold winters (average of -6 to -17 °C), and warm, moist summers (average of 15 

to 19 °C) (R. E. Smith et al., 1998). In Lake Manitoba Plain and Aspen Parkland ecoregions, 

Black Chernozemic soils are the dominant soil type, while in Southwest Manitoba Upland Dark 

Gray and Black Chernozemic soils are the primary types (R. E. Smith et al., 1998). The climate 

moisture index (CMI), determined by subtracting potential evapotranspiration from the total 

annual precipitation, showed a water deficit ranging between 200 and 250 mm for this area 

(Anderson & Cerkowniak, 2010).  
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Figure 2.2. Geographical location of the study area. Manitoba’s PE with different ecoregions is located 
in Manitoba Province, Canada. 

2.3.2. Field Survey Sampling  

This research used the comprehensive description of grassland mapping classes 

developed by Badreldin et al. (2021), which considers the MSS and SAR data limits, such as 

temporal and spatial resolutions. Precise definitions for tame, native, and mixed grasslands 

(Table 2.1) were established to guide the field survey team in collecting accurate and detailed 

field data. To identify the three main grassland types, 3,004 field points were obtained from 

the extensive ground-truth efforts carried out by the Canadian Forage and Grassland 

Association (CFGA) and the Ministry of Agriculture in Manitoba between 2021 and 2023 

(Figure 2.3). The large number of ground samples strengthened the robustness and accuracy 

of the supervised machine learning classification models. 

 

 

 

 



48 
 

Table 2.1. The definition for grassland and other land use and land cover classes, adapted from 
Badreldin et al. (2021) 

Class Name Class Definition Landscape Condition 

Tame 

Predominantly native grasses such as: 

 crested wheat-grass  

 smooth brome 

 Russian wild rye  

 alfalfa  

 sweet clover  

If >=75% of the sample area is 

made up of planted or introduced 

grasses and forbs. 

Native 

Periodically cultivated, such as: 

 Needle grasses (needle and thread, porcupine 

grass, and green needle grass) 

 Wheat-grasses (slender wheat-grass, western 

wheat-grass, and awned wheat-grass) 

 June-grass, blue grama grass, sedge species, 

pasture sage, and non-vascular species 

(selaginella or lichens) 

If >=75% of the sample area is 

made up of native grass species 

Mixed 
A heterogeneous area in which neither native nor 

tame grasses 

If 50% have the majority, and the 

sample area was combined with 

other classes, such as bare soil or 

unidentified invasive species  

Cropland 

Oilseeds, Pulses, Grain, and Potatoes. (e.g., barley, 

oats, rye, spelt, wheat, corn, canola, soybean, and 

peas) 

 

Woodland 

Predominantly forested or treed areas such as 

coniferous, broadleaf and mixedwood; shrub 

vegetation  

 

Water bodies 
Lakes, Reservoirs, Rivers, Streams, and Wetlands 

(e.g., Bog, Fen, Marsh, and Swamp) 

 

Built-up 

Roads and other man-made structures such as 

railroads, Buildings include both residential and 

industrial buildings, industrial sites, mine structures, 

lands with exposed soil, sand, or rocks 

 

 

Additional land cover and land use classes were introduced to improve the accuracy of 

the supervised machine learning classification approaches used. These supplementary classes 

were extracted from the AAFC ACI and the European Space Agency (ESA) WorldCover 

products, with spatial resolutions of 30 m and 10 m, respectively (AAFC Canada, 2013; Zanaga 

et al., 2022). The detailed land cover classes were aggregated into broader categories (Table 

2.1); for example, the coniferous, broadleaf, mixedwood, and shrub classes were merged into 

the woodland class. This aggregation strategy was crucial for improving the accuracy of 

grassland mapping and for enabling the machine learning algorithm to distinguish between 

grassland and non-grassland classes effectively. A total of 7,570 samples were used for 

training and testing across all land cover classes (Figure 2.3), including 3,004 grassland 
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samples (with tame accounting for 37.73%, native for 30.73%, and mixed for 31.79% of the 

samples) and 4,566 non-grassland samples (with cropland comprising 62.59%, water bodies 

3.99%, woodland 21.70%, and built-up 11.72% of the samples). Overall, 90.53% of the ground 

samples represented vegetative classes such as cropland, native, tame, mixed, and woodland, 

while 9.47% represented non-vegetative classes like water bodies and built-up areas. 

 

Figure 2.3. The spatial distribution of the ground-truthing sampling for all land cover and land use classes 
included in the classification of Manitoba’s PE grasslands. 

2.3.3. Grassland Classification Strategy  

In this study, a novel strategy for grassland classification has been developed to 

enhance the accuracy and reliability of grassland mapping in Manitoba’s diverse ecosystems, 

which was based on previous recommendations (De Fioravante et al., 2021; Yu et al., 2024). 

This strategy integrates multi-source remote sensing data (e.g., Sentinel-1, Sentinel-2, 

Landsat 8, and Landsat 9) with advanced machine learning techniques; this study used three 

supervised machine learning techniques (RF, SVM, and GTB). Unlike previous approaches, this 

strategy uses a three-step hierarchical classification process that incrementally refines the 

classification from vegetation vs. non-vegetation (step 1), grassland vs. non-grassland (step 
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2), leading to the final stage of specific grassland classes (step 3) to identify three grassland 

types (native, mixed, and tame). 

As shown in Figure 2.4, the workflow underpinning this strategy details the data 

preprocessing, feature selection, and classification steps. The workflow operationalizes the 

strategy by systematically incorporating ancillary data, such as topographic features and field 

survey results, to improve model performance. This alignment between the workflow and the 

classification strategy ensures that the methodology is robust to landscape heterogeneity and 

applicable across various grassland types. 

Image fusion was performed by combining Sentinel-2 and Landsat datasets using HSV 

and BT techniques. This approach aimed to enhance spatial and spectral resolution to 

improve grassland classification accuracy. The rationale for exploring image fusion was to 

provide an alternative method for data enhancement that could achieve reliable classification 

results without relying on multi-temporal data composition, which demands greater 

computational resources. However, this complements rather than replaces the multi-

temporal composition strategy within the overall workflow, which remains critical for 

capturing seasonal phenological growth stages and improving classification accuracy. 

Eighty-nine input variables, including topographic features (e.g., elevation, slope, and 

aspect), spectral bands, SAR data, VIs including NDVI, PSRI, NDMI, ratio vegetation index (RVI), 

renormalized difference vegetation index (RDVI), EVI and Green Normalized Difference 

Vegetation Index (GNDVI), and AAFC/ESA land cover data, were used in the analyses. These 

datasets were used during the three steps of grassland classification (Figure 2.4), which 

consisted of distinguishing between vegetated and non-vegetated pixels (step 1), 

discriminating grassland and non-grassland classes (step 2), and classifying native, tame and 

mixed grassland classes (step 3). The SLC version 3.2 shapefile was used to summarize the 

area of each grassland class and landscape type within each ecoregion. Zonal statistics were 

used to calculate the area and percentage for a final web-map visualization. 
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Figure 2.4. Workflow of the novel grassland classification strategy developed for enhanced ecological 
monitoring using multi-source remote sensing data and advanced machine learning techniques. The workflow 
integrates data from Sentinel-1, Sentinel-2, Landsat 8, and Landsat 9 satellites. It involves stages of image pre-
processing, multi-temporal composition, image fusion using HSV and BT, and advanced machine learning 
classifiers, including RF, SVM, and GTB. The classification is performed in three steps to achieve fine-scale 
identification of native, tame, and mixed grasses, starting from basic vegetation classification (Level 1) to 
detailed grassland class differentiation (Level 3). Ancillary field data, topographic features, and LULC information 
were incorporated as inputs to generate the final grassland maps for web-based visualization. 
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2.3.4. Satellite Data Management 

The ESA operates Sentinel satellites that collect SAR (Sentinel-1 satellites) and 

multispectral (Sentinel-2 satellites) data for Earth monitoring (Drusch et al., 2012a; Torres et 

al., 2012). Sentinel-1 comprises a constellation of two polar-orbiting satellites collecting C-

band SAR imagery, which is not affected by weather conditions (Potin et al., 2016). Sentinel-

1 imagery on GEE consists of level-1 ground range detected (GRD) scenes processed to 

backscatter coefficient (σ0) in decibels (dB). Sentinel-2 comprises a constellation of two polar-

orbiting satellites, covering 13 spectral bands from visible and near-infrared to short-wave 

infrared (Main-Knorn et al., 2017).  

Landsat satellites are operated by NASA (National Aeronautics and Space 

Administration) and have been continuously observing Earth since 1972 (Williams et al., 2006; 

Wulder et al., 2022); Landsat 8 and Landsat 9 are two operational satellites from this series. 

Landsat 9 was launched in 2021 and replaced Landsat 7. The combined operation of Landsat 

8 and 9 (Landsat 8-9) decreased revisit time to 8 days (Markham et al., 2020). Landsat data 

are moderated by the USGS (United States Geological Survey). In this study, Landsat images 

were used to compare the classification accuracy for different sensor combinations in step 1 

and step 2 classification, as well as in fusion. Some studies, such as Yu et al. (2024), 

emphasized that topographic features increased the accuracy of grassland classification. 

Thus, the digital elevation model (DEM), slope and aspect, extracted from SRTM data, were 

used as auxiliary data to improve the classification accuracy. The major characteristics of all 

the remote sensing datasets used in the analyses are provided in Table 2.2.  

Table 2.2. An overview of satellite datasets used in this study summarizes the satellite sensors employed 
in the study and highlights the acquisition dates, spatial resolution, and specific rationale for each sensor's 
inclusion in this study. 

Sensors 
Date of Data 
Acquisition 

Spatial 
Resoluti

on 
Rationale of usage References 

Sentinel-1 
01/05/2023 
-31/10/2023 

10 m 

 Cloud-penetrating radar capability ensures 
consistent data collection even in cloud-
covered regions. 

 Provides valuable microwave information for 
assessing vegetation structure and moisture 
content, aiding in the differentiation of 
grassland types. 

(Torres et 
al., 2012) 

Sentinel-2 
01/05/2023 
-31/10/2023 

10 m  Offers the highest spatial resolution available 
for free, enabling detailed grassland mapping. 

(Drusch et 
al., 2012b) 



53 
 

 Wide spectral range, including vegetation-
specific bands, allows for precise discrimination 
of grassland types and health assessments. 

Landsat 8  

Collection 2 

Tier 1  

Surface Reflectance 

01/05/2023 
-31/10/2023 

30 m 

 Long-term data record supports temporal 
comparisons and change detection. 

 Utilized for spatial and spectral consistency 
evaluation when compared to Sentinel-2, and 
aids in data fusion for enhanced mapping 
accuracy. 

(Roy et al., 
2014) 

Landsat 9  

Collection 2  

Tier 1  

Surface Reflectance 

01/05/2023 
-31/10/2023 

30 m 

 Continuation of the Landsat program with 
improved radiometric resolution. 

 Used for cross-sensor comparison and fusion 
with Sentinel-2 data, ensuring a robust dataset 
for grassland classification. 

(Masek et 
al., 2020) 

SRTM 
11/02/2000 
-22/02/2000 

1 Arc 
(~30 m) 

 Provides crucial topographic information that 
enhances land cover classification accuracy. 

 Incorporates elevation data, important for 
understanding how topography influences 
vegetation patterns in grasslands. 

(Farr et al., 
2007) 

 

Both raw and preprocessed data are available in GEE. In this study, the level-2 data of 

Sentinel-2 and Landsat as preprocessed data were used. Image preprocessing increases 

spectral quality because MSS data are subject to distortion due to sensor characteristics, solar 

radiation, atmospheric conditions, and topography (Young et al., 2017). Atmospheric 

correction is required for several landscape modelling applications, such as land cover 

classification and change detection (Song et al., 2001). The study selected atmospherically 

corrected datasets (Surface Reflectance level data) to minimize the influence of atmospheric 

conditions, which is especially important given the large study area and varying data 

acquisition times. Clouds and their shadows in MSS data can also hinder their utilization for 

analysis (Zhu & Woodcock, 2012), as shown in Figure 2.5. For Sentinel-2 images, the Cloud 

Score+ dataset was utilized to identify relatively clear pixels and effectively remove clouds 

and cloud shadows from L2A (Surface Reflectance) imagery (Earth, 2024). The Cloud Score+ 

dataset includes two quality assessment (QA) bands. For Sentinel-1 imagery, preprocessing 

steps, including thermal noise removal, terrain correction, and GRD border noise removal, 

(Filipponi, 2019), were applied to Sentinel-1 imagery in GEE to derive the backscatter 

coefficient in each pixel. For Landsat 8 and Landsat 9 images, the QA ("QA_PIXEL") band was 

used with a bit mask technique to remove clouds and shadow pixels. This preprocessing step 
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was performed on the level-2 dataset of the validated Tier 1, known for its high geometric 

and radiometric quality (Landsat Algorithms | Google Earth Engine, n.d.). 

 

 

Figure 2.5. Atmospheric effects on remote sensing imagery demonstrate the influence of atmospheric 
conditions on the quality of remote sensing data, specifically how clouds and shadows can occlude pixels and 
impact the accuracy of the reflected signal received by MSS sensors; (a) Pixel occluded by shadow shows a 
scenario where a shadow, cast by an obstacle like a cloud, causes the pixel to be occluded, leading to distorted 
signals received by the sensor; and (b) Pixel occluded by cloud shows a situation where a cloud directly occludes 
the pixel, resulting in inaccurate data due to the cloud's interference with the reflected sunlight that reaches the 
sensor. 

During the active growing season of grasslands in PE, which spans from May to October, 

multi-temporal compositions were used to distinguish between different types of grassland 

effectively. Due to the extensive study area and cloud masking, creating a mosaic of the entire 

area using images taken within a month was challenging. Thus, a minimum period of four 

weeks was considered to generate a mosaic from images acquired throughout the period 

(Figure 2.6). For temporal aggregation, the Median function in GEE was used to reduce the 

amount of data and decrease the remaining cloudy pixels in the final mosaic image (Figure 

2.7). This process was repeated during the selected growing season to create a stacked image 

for further image processing. For example, in Sentinel-2 data, stacked images were made for 

the four periods of the growing season, each without overlap. The same process was also 

applied to Landsat data used in step 1 and step 2 classification. In addition, the temporal 

resolution was reduced by merging Landsat 8 and Landsat 9. 
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Figure 2.6. Multi-temporal mosaic of the study area during the growing season period using Sentinel-2 
images. 

 

Figure 2.7. Median function used in Google Earth Engine (GEE) to reduce an image collection. 

Given that Sentinel-1 data quality is robust to atmospheric disturbances, it was possible 

to generate a monthly mosaic image of the entire study area each month. The Mean function 

in GEE was utilized to minimize the effects of speckle noise when aggregating the multi-

temporal SAR data (Argenti et al., 2013). The stacked image comprising six monthly mean 

images was created for Sentinel-1.  

The preprocessed images resulted in four groups of raster data used as input variables 

for supervised machine learning classification algorithms (Table 2.3). These inputs included 

surface reflectance of spectral bands [i.e., Blue, Green, Red, NIR, SWIR 1, SWIR 2 and Red Edge 

1-4 (Only in Sentinel-1)]; VIs [e.g., NDVI, PSRI, NDMI, RVI, RDVI, GNDVI and EVI]; topographic 

variables [i.e., elevation, slope, aspect]; and SAR data [i.e., VH, VV polarization and their ratio].  

Table 2.3. Description of all variables obtained through several sensors and utilized in this study. 

Dataset group type Input Variable 

Spectral Bands 
Sentinel-2: 

Blue; Green; Red; NIR; SWIR 1& 2; Red Edge 1-4  
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Landsat 8 and Landsat 9: 

Blue; Green; Red; NIR; SWIR 1 and 2 

SAR Variables 
Sentinel-1: 

VV; VH; VH/VV 

Vis 

NDVI (Rouse et al., 1974):  (NIR − Red)/(NIR + Red) 

PSRI* (Merzlyak et al., 1999): (Red − Blue)/Red Edge  

NDMI (Wilson & Sader, 2002): (NIR − SWIR1)/(NIR + SWIR2) 

RVI (Birth & McVey, 1968): (NIR)/(Red) 

RDVI (Roujean & Breon, 1995): (NIR − Red)/(√NIR + Red) 

GNDVI (Gitelson et al., 1996): (NIR − Green)/(NIR + Green) 

EVI (Huete et al., 1994): 2.5 × (NIR − Red)/(NIR + 6 × Red − 7.5 × Blue + 1) 

Topographic Variables 

SRTM:  

Elevation; Slope; Aspect  

  *As Sentinel-2 has dedicated red-edge bands (Bands 5, 6, 7), this index was used exclusively with 

Sentinel-2. B6 was used as Red Edge (IDB) 

2.3.5. The Supervised Machine Learning Classification Models 

Grassland classification was performed using RF, SVM, and GTB algorithms on GEE in 

three steps. In steps 1 and 2, different combinations of Sentinel-1 SAR, Sentinel-2 and Landsat 

were tested using the RF method to find the best sensor combination according to 

classification accuracy. Step 1 distinguished between vegetation and non-vegetation classes, 

while step 2 identified grassland and non-grassland classes. Subsequently, when grassland 

class was identified, three widely used classifiers [i.e., RF, SVM and GTB] were used to classify 

the three distinct grassland classes [i.e., native, tame, and mixed].  

RF method belongs to the ensemble learning methods (Breiman, 2001) and combines 

multiple decision trees (DTs) to produce a more accurate and robust result than any of the 

individual DTs alone. RFs build multiple DTs during training. Each tree is trained on a random 

subset of the training data and a random subset of the features (Shaik & Srinivasan, 2019). 

This randomness helps to ensure that the individual trees are diverse and not overly 

correlated, reducing the risk of overfitting. During classification, each tree in the RF 

independently predicts the class label, and the final prediction is determined by a majority 

vote (for classification tasks) or averaging (for regression tasks) among all the trees (M et al., 

2023).  
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If there are T trees in the RF model, and each tree t predicts a class P(x)t . The final 

prediction is the majority of those predictions with the highest votes [Equation (1)].  

P(x) = arg maxc∈C (∑ δ(P(x)t
T
t=1 , c))                      (1) 

Where P(x) is the predicted class for input x, c is the set of possible classes, T is the total 

number of DTs in the RF, P(x)t is the class predicted by the tth DT for input x, δ(P(x)t, c) is an 

indicator function that equals 1 if P(x)t = c and 0 otherwise. 

The two most critical input factors for RF are the number of features (mtry) per split 

and the number of trees (ntree), both of which are specified by the user. Previous studies 

suggested that the optimal number of trees typically ranges from 100 to 500, while the 

optimal number of variables is often the square root of the total number of variables (Loukika 

et al., 2021). 

Similar to RF, SVM is a supervised machine learning algorithm often used for image 

classification. SVM methods try to find an ideal hyperplane that effectively separates different 

sample sets. A hyperplane is a plane in a high-dimensional space that maximizes distance from 

all samples. In cases where the dataset cannot be linearly separated, two techniques, namely 

soft margins and the kernel trick, can be used. Soft margins allow the algorithm to misclassify 

a few elements while still preserving the algorithm's predictive capacity. The kernel trick uses 

a kernel function that maps data into higher-dimensional spaces, where class separation may 

be achieved. Several popular kernels commonly used in SVM are linear [Equation (2)], 

polynomial [Equation (3)] and radial basis function (RBF) [Equation (4)] (Abe, 2010). If the 

training dataset includes n points of the form (x1, y1), …, (xn, yn), the different kernels can be 

defined as:  

Linear kernel: k(xi, xj) = xi. xj         (2) 

Polynomial kernel:k(xi, xj) = (γxi. xj + r)d, γ > 0         (3) 

RBF kernel:k(xi, xj) = exp(−γ||xi − xj||
2), γ > 0         (4) 

The mathematics behind SVM algorithms was described in detail by Burges (Burges, 

1998).  



58 
 

The GTB model, introduced by Friedman (2001), integrates DT and boosting algorithms. 

Gradient boosting is iterative and involves sequentially combining weak learners, typically 

DTs, such that each new tree rectifies the errors of the previous one. Each iteration invokes 

the following formula [Equation (5)]: 

Fi+1 = Fi − fi                (5) 

Where Fi and fi are the strong model and the weak model at step i, respectively. 

The approach starts with a single DT and the performance of the tree is evaluated using 

a loss function (e.g. cross-entropy), as shown in Equation (6): 

Loss(l, p) = − ∑ l(x)logp(x)     (6) 

Where l is the labelled sample and p is the prediction. A loss value of 0 indicates perfect 

agreement between the prediction and labelled sample, whereas a loss of 1 signifies no 

agreement between them. Then, the second DT is added to the first one to lower its loss 

value. This process iterates until a stopping criterion is satisfied, such as reaching a maximum 

number of iterations or detecting overfitting of the model, as assessed on a separate 

validation dataset. 

Tuning machine learning parameters is a complementary task that can improve 

classification accuracy and reduce computational cost by finding optical parameters for each 

method (Z.-H. Zhou, 2021).  Each model has several parameters that can be tuned. For 

instance, GTB and RF each have six parameters that can be optimized, while SVM is more 

complex, with multiple kernels, each having several parameters. Our objective was not to find 

the optimal parameters by testing a wide range of values for each parameter. Instead, the 

focus was on adjusting a few key parameters for the classifier models. In the RF model, ntree 

and the total mtry per split were selected using Out-of-Bag (OOB) error. For the SVM, the 

classification accuracy of three popular kernels—Linear, Polynomial, and RBF—was tested. In 

the GTB model, the effect of ntree on OA was investigated.   

2.3.6. Dimensionality Reduction Technique for Big Data  

Reducing the number of input variables is beneficial for cutting computational costs 

and sometimes boosting model performance (Kuhn & Johnson, 2013; Lv et al., 2022). Feature 

selection methods are divided into supervised and unsupervised methods. If a method 
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considers the outcomes when eliminating features, it is called supervised. Otherwise, the 

technique is considered unsupervised. Unsupervised methods try to remove the features that 

have high correlation with other features. But supervised methods try to select features that 

make models simple and increase the accuracy of the model (Kuhn & Johnson, 2013; Lv et al., 

2022). Supervised methods fall into three categories: 1) filters, 2) wrappers, and 3) embedded 

(Pudjihartono et al., 2022). In this study, a supervised filter method was used to select 

features for analysis. Filter methods rank features based on the score they yield in different 

statistical tests. The analysis of feature selection was carried out using analysis of variance 

(ANOVA), which identified significant features by comparing the means of various groups. The 

F-statistic, as defined in Equation (7), was calculated in the ANOVA procedure to determine 

whether the differences in means between groups were statistically significant.  

F =
Variability between groups

Variability within groups
      (7) 

The features were ranked by F value and selected for further analysis (Pudjihartono et 

al., 2022).  

Feature reduction using ANOVA involved selecting features that have a significant 

relationship with the target variable. Features were ranked based on their F-statistic values, 

where higher scores indicated greater discriminative power. This enabled us to decide which 

features are worth retaining for the classification task by RF, SVM and GT. In Google Colab, a 

feature selection process was implemented using the ANOVA F-value as the scoring function. 

Specifically, the f_classif function from sklearn was applied within a feature selector 

(SelectKBest) to evaluate features. The input for this process consists of X, which is the 

independent variables or features of the dataset, and y, which is the dependent variable or 

class labels for classification. For this study, X and y were extracted from the training dataset 

prepared for each classifier. The output was a list of features ranked in descending order 

based on their F-statistic scores.  

To determine the optimal feature set, features were progressively added to the model, 

starting from those with the highest scores and moving toward those with lower scores. The 

overall accuracy (OA) of each classifier was evaluated at each step to identify the feature 

subset that yielded the best performance for grassland classification. 
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2.3.7. Classification Accuracy Assessment  

Accuracy assessment was the final step of the process to find out how effectively the 

model classified the pixels. Validation (or testing) in this study was conducted using 30% of 

the total number of labelled samples. Actually, the validating part included those datasets 

that were not used to train the classifier; they represented the nominal or “real-life” accuracy 

of a map. Quantitative statements about the performance of classification models can be 

made using test accuracy. Over the past years, accuracy assessment has become more 

detailed and precise, and evolved from visual evaluation of the derived map to definition of 

sampling and response, and analysis of accuracy (Nicolau et al., 2024). The confusion matrix 

(Stehman & Foody, 2019) is one of the most used methods to characterize image classification 

accuracy (Foody, 2002). Several indices can be extracted from the confusion matrix, including 

OA, producer’s accuracy (PA), user’s accuracy (UA) and the Kappa coefficient, as defined in 

Equations (8-10). OA indicates what proportion of the test data was classified correctly. PA 

refers to the percentage of correctly classified pixels relative to the total number of classified 

pixels. UA represents the percentage of correctly classified pixels relative to the total ground 

truth data. The Kappa coefficient, ranging from -1 to 1, quantifies the agreement between 

observed and expected classifications. Higher values denote improved agreement and 

effectiveness of the classification model.  

Overall Accuracy =
(TP + TN)

(TP + TN + FP + FN)⁄    (8) 

Producer′s accuracy (positive)  =  TP
(TP + FN)⁄    (9) 

User′s accuracy (positive) =  TP
(TP + FP)⁄      (10) 

Where TP is defined as positive, and the actual class is positive, FP is classified as 

positive, and the actual class is negative, FN is classified as negative, and the actual class is 

positive, and TN is classified as negative, and the actual class is negative.  

2.3.8. Image Fusion 

Image fusion involves merging different images to create a new one that incorporates 

the best features from each. In the fusion process, an image with a higher spatial resolution 

and a multispectral image (MSI) with a lower spatial resolution are combined to build an MSI 

with a higher spatial resolution, which addresses the limitations of image sensors that cannot 
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simultaneously capture high-resolution and high spectral information (Kaplan, 2018). This 

process can be divided into three levels, depending on the stage at which fusion takes place: 

pixel level, feature level and decision level (Ghassemian, 2016). Pixel-level fusion methods 

(Figure 2.8) were utilized in this study to investigate the impact of image fusion on the 

classification algorithm at the step 3 classification stage across a subset of the study area. The 

BT and HSV approaches were applied to Landsat 8-9 and Sentinel-2 data. In the HSV method 

(H, S, and V stand for hue, saturation and value or intensity, respectively), the RGB bands of 

the image are transformed into the HSV colour space (Singh & Tiwari, 2021). Then, the V value 

of the converted HSV image was replaced with the DN value of a high-resolution (HR) image. 

This modified HSV image was converted back into an RGB colour image (Al-Wassai et al., 

2011).  

 

Figure 2.8. The steps of the HSV method, adapted from Al-Wassai et al. (Al-Wassai et al., 2011). After 
transforming the RGB image to HSV format, its V channel was replaced with the HR channel, which was then 
converted back to RGB mode. 

In the BT method, the RGB bands of the MSI were proportionally combined with the 

HR image, and each of the multispectral bands was multiplied by the ratio of the HR image to 

the sum of the multispectral bands [Equation (11)]. This enhanced the spatial resolution while 

preserving the spectral characteristics of the original MSI, which resulted in a higher spatial 

resolution MSI that combines the details from both the multispectral and HR images 

(Mandhare et al., 2013). 
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FB =  
SPMSI

RMSI+GMSI+BMSI
HR     (11) 

Where SPMSI refers to spectral bands of MSI (e.g., RMSI, GMSI, or BMSI), FB represents 

fused bands corresponding to SPMSI, and HR refers to the high-resolution band.  

In both BT and HSV fusion techniques, the HR image used was the green band of 

Sentinel-2, while the Red, Green and Blue bands of Landsat, being low-resolution bands, were 

aimed at enhancing their resolution. Before fusing, Landsat 8 and Landsat 9 were initially 

merged, and their cloudy pixels were then masked. Similarly, cloudy pixels from Sentinel-2 

were also masked. Finally, fusion results were evaluated both visually and quantitatively, 

using the coefficient of determination (R2) as a quantitative metric. 

2.4. Results 

2.4.1. Accuracy Assessment for Steps 1 and 2 

Achieving high classification accuracy at both step 1 (vegetation vs. non-vegetation) 

and step 2 (grassland vs. non-grassland) was essential for this novel grassland classification 

workflow to build a reliable, detailed grassland inventory. Accurate step 1 classification 

ensures that broad categories of vegetation cover, such as woodlands, croplands and 

grasslands, are correctly identified, which is crucial for subsequent, more detailed grassland 

analyses. Step 2 accuracy further refines this understanding by distinguishing between two 

different major vegetation types, such as grasslands, which are vital for improving grassland 

mapping in Canada; these accuracy assessments support the adopted approach in this 

research to test different data combinations between sensors and machine learning 

classification models (Figure 2.9). The highest classification accuracy was achieved by 

integrating data from both Sentinel-1 and Sentinel-2 (Sentinel-1+Sentinel-2), with PA and UA 

surpassing 97.5% for both vegetation and grassland classes (Table 2.4). The combination of 

multiple sensors enhanced the model's ability to discriminate between various land cover 

types accurately. The single-sensor approaches, although still effective, exhibited slightly 

lower accuracy, specifically for non-vegetation and non-grassland classes when Sentinel-1 is 

used alone. These findings imply that a more robust and accurate classification can be 

achieved by using multi-sensor satellite data, making it the preferred method for detailed 

grassland mapping in Canadian ecosystems. 
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The evaluation of classification accuracy for all steps in various machine learning 

models is considered crucial once the optimal sensor combination, such as Sentinel-1 + 

Sentinel-2, has been identified. The effectiveness of the classification process is dependent 

on the model’s ability to accurately interpret and categorize sensor data, regardless of its 

quality. Discrepancies exist in the capabilities of different machine learning models, such as 

RF, SVM, and GTB, in terms of dealing with different data distributions and complexities. This 

research aims to determine the most precise and reliable model for classifying grasslands 

using the Sentinel-1 + Sentinel-2 sensor combination. Comparing the performance of the 

models is sought to minimize errors in subsequent analyses or decision-making processes. 

Understanding the disparities in model performance is intended to guide future studies and 

enhance the effectiveness of grassland mapping. Using Sentinel-1 + Sentinel-2 data and three 

distinct machine learning models [i.e., RF, SVM, and GTB], the study area was classified to 

distinguish grassland from non-grassland classes. As shown in Table 2.5, the RF model 

achieved the highest OA of 98.08% and a Kappa coefficient of 0.97, indicating the best 

classification agreement and precision. The GTB model, although highly accurate with an OA 

of 97.49% and a Kappa coefficient of 0.96, was found to perform slightly less effectively than 

the RF model. The SVM model attained an OA of 96.34% and a Kappa coefficient of 0.95, 

positioning its performance below that of RF and GTB. The performance of three classifiers 

was effective for the first two steps of grassland classification, with RF yielding the most 

accurate results. 

 

Figure 2.9. Comparison of step 2 grassland classification results using different machine learning models: 
(a) RF, (b) SVM, and (c) GTB. 
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Table 2.4. Classification Accuracy assessment of step 1 (Vegetation vs. Non-Vegetation) and step 2 
(Grassland vs. Non-Grassland) classifications using the RF method for different sensor combinations (PA% - 
UA%). 

                       Sensor type   

Level  

Sentinel-1 Sentinel-2 Landsat 8-9 Sentinel1+ 

Landsat 8-9 

Sentinel-1+ 
Sentinel-2 

Step 1    

Vegetation class 

Non-vegetation class 

 

94.86%-91.43% 

71.19%-94.73% 

 

96.79%-97.38% 

94.16%-94.99% 

 

97.03%-96.13% 

93.13%-96.62% 

 

96.73%-96.84% 

93.88%-95.18% 

 

98.59%-97.67% 

94.77%-99.14% 

Step 2 

Grassland class  

Non-grassland class   

 

95.02%-90.01% 

94.78%-92.14% 

 

97.28%-96.55% 

96.55%-97.79% 

 

96.74%-97.53% 

97.20%-95.43% 

 

97.39%-97.50% 

96.40%-96.51% 

 

98.06%-98.18% 

98.86%-97.41% 

 
Table 2.5. The averaged OA and Kappa coefficient for different machine learning classification methods 

of the first two steps using Sentinel-1+Sentinel-2. The results show that DT-based classifiers have higher 
performance than SVM. However, RF achieved slightly higher accuracy than SVM in the first two steps. 

Machine learning method OA (%) Kappa coefficient 

RF 98.08 0.97 

SVM 96.34 0.95 

GTB 97.23 0.96 

2.4.2. Accuracy Assessment for Step 3  

Upon identification of the primary classes, a filtering process was initiated to exclude 

all classes other than grassland. This entailed the masking of all non-grassland pixels within 

the various data layers, encompassing Sentinel-2 spectral bands, VIs, Sentinel-1 data, and 

DEM. In step 3 classification, to prevent imbalanced classification problems (He & Garcia, 

2009), the number of native grassland samples was oversampled using spatial techniques, 

such as buffers, to better balance with the number of tame samples. All variables that were 

masked were then used as input variables for the machine learning classification methods. As 

shown in Table 2.6, which compares the OA and Kappa coefficient for step 3 classification 

using RF, SVM, and GTB with and without feature selection techniques, several important 

insights emerge. The feature selection process has clearly contributed to improved 

classification performance across all methods. GTB, in particular, showed the greatest 

improvement in OA, increasing from 69.69% to 72.18%, and Kappa values from 0.55 to 0.58. 

RF demonstrated the largest feature reduction, decreasing from 89 to 61 features. SVM also 

benefited from feature selection, with SVM's OA improving from 56.58% to 60.54% and Kappa 

value from 0.36 to 0.40. These results suggest that feature selection is a valuable step in the 

detailed grassland classification process, particularly when dealing with complex datasets 

involving diverse landscapes with high biophysical similarity. The PA and UA of the tame, 
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native, and mixed classes for the RF, SVM, and GTB classifiers, with and without feature 

selection techniques, are shown in Figure 2.10. PA and UA of all grassland classes for RF and 

GTB increased after feature selection, but SVM showed some fluctuations. PA of the tame 

class and UA of native class in the SVM method experienced a slight decline, while other 

metrics improved after feature selection.   

Table 2.6. Accuracy assessment of machine learning methods with/without feature selection technique 
for grassland classification using Sentinel-1+Sentinel-2 data. 

Methods 

Without a feature selection technique With a feature selection technique 

Number of 

features 
OA (%) Kappa 

Number of 

features 
OA (%) Kappa 

RF 89 69.96 0.55 61 72.62 0.58 

SVM 89 56.58 0.36 67 60.54 0.40 

GTB 89 67.69 0.50 76 72.18 0.58 

 

 

Figure 2.10. Producer’s Accuracy (PA) and User’s Accuracy (UA) of three machine learning models such 
as RF, GTB and SVM, with and without feature selection (FS).  

As shown in Figure 2.11, the relationship between overall accuracy (OA) and the 

number of input features was depicted. The classification models were trained by sequentially 

incorporating features, beginning with the 10 most significant ones ranked based on ANOVA 

scores and progressively adding features in descending order of their statistical importance. 
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As the number of input features increased, the OA for all algorithms exhibited an initial rise 

before reaching a plateau. Figure 2.A1, in the Appendix of this chapter, demonstrates the 

score of each feature and indicates which features were excluded in each model when 

optimal OA was achieved.  

 

Figure 2.11. Classification accuracy varies with different input features ranked based on ANOVA for the 
RF, SVM, and GTB. 

The established tuning parameters had significant impacts on the performances of RF, 

SVM and GTB classifiers. The results of hyperparameter tuning for different machine learning 

models are demonstrated in Figure 2.12-Figure 2.14. For the RF model, OOB error decreased 

more if the mtry per split was set to the square of mtry per split. The relationship between 

the ntree and OOB error showed that the error rate levelled off after ntree=20, and reached 

its minimum when ntree=52. For the SVM model, various kernel types were assessed, and the 

linear kernel outperformed both polynomial and RBF kernels. Additionally, the cost 

(regularization) parameter was tuned for the linear kernel and determined that a value of 1 

was the most effective. For GTB, the overall accuracy of GTB classification increased as ntree 

increased until it reached ntree=45, then it remained stable and then started to drop. 

Therefore, the best value for ntree in GTB was found to be 45. 
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Figure 2.12. Out-of-bag (OOB) error for different numbers of trees and the number of variables (mtry) 
per split was calculated. Different mtry per split tested are the square root of the total number of variables 
(SQRT), the total number of variables (ALL), and the natural logarithm of the total number of variables (Ln). 

 

Figure 2.13. (a) Overall accuracy (OA) of classification for different kernel types in SVM model. (b) Grid 
search to find the best value for the Cost/Regularization parameter for Linear kernel in SVM. 

 

Figure 2.14. The effect of the number of trees (ntree) on OA in GTB classification 
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2.4.3. Accuracy Assessment for Sentinel-2+Landsat 8-9 Fused Data  

Image fusion was another important evaluation on grasslands classification accuracy, 

aiming to improve accuracy when an image is temporally, spatially and spectrally enhanced. 

A case region in the southeastern of Lake Manitoba, which was characterized by a diverse 

grassland type of tame, native, and mixed samples, was selected to fuse Landsat 8-9 and 

Sentinel-2 data. The analysis was limited to the period between June 1 and June 16, 2023, for 

both Sentinel-2 and Landsat 8-9 to minimize potential changes during fusion. The comparison 

between the Sentinel-2 bands and their corresponding fused bands demonstrated the 

effectiveness of HSV and BT techniques in preserving the original data's spectral 

characteristics while increasing the spatial resolution from 30 to 10 m (Figure 2.15).  

   

Figure 2.15. Subsetted areas before and after image fusion for image quality improvement; (a) Landsat 
30 m, (b) HSV fused image, (c) BT fused image. 

The high r-squared (R²) values observed across the RGB bands (i.e., B2, B3, B4) in the 

HSV (0.79, 0.87, and 0.91, respectively) and BT (0.79, 0.62, and 0.94, respectively) indicated 

that both fusion methods maintained the integrity of the spectral information (Figure 2.16). 

   

(a)  (b)  (c)  
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Figure 2.16. Scatter plots of fused and non-fused bands using BT and HSV approaches. Except for band 

2 (B2), HSV had a higher R-squared. Around 1900 points were selected to build the scatter plots, and the 
colour bar represents the point density, ranging from low density (Blue) to high density (Red).  

For classification assessment, additional 10 m resolution data, such as NIR band from 

Sentinel-2 and layers from Sentinel-1, including VV co-polarization and VH cross-polarization, 

were included in both fused and non-fused images, as shown in Equation (12).  

𝑀𝑢𝑙𝑡𝑖𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝐼𝑚𝑎𝑔𝑒𝑓𝑢𝑠𝑒𝑑 + 𝑁𝐼𝑅𝑠𝑒𝑛𝑡𝑖𝑛𝑒𝑙−2 + 𝑆𝑒𝑛𝑡𝑖𝑛𝑒𝑙 − 1    (12) 

Equation (12) shows the input data used by the RF classification model in fused mode. 

In non-fused mode, only multispectral Imagefused was replaced with the original MSI 

(Sentinel-2 in this case), which was then included in the classification process. To classify 

grassland pixels, non-grassland areas in the selected case region were first screened out using 

the output of steps 1 and 2 for both fused and non-fused data. Then, all filtered datasets were 

classified into three grassland types using the RF method, which was shown to deliver the 

highest performance compared to other machine learning methods. The results indicated 

that the HSV technique had the highest OA at 59.18%, followed by BT with 58.48%, and MSI 

with 57.35% (Table 2.7). The Kappa coefficient was 0.36, 0.33 and 0.32 for HSV, BT and MSI 

approaches, respectively. OA and Kappa values indicated that there was a significant 

improvement in classification after fusion. PA and PU of mixed class in MSI were the highest 

compared to HSV and BT. PA of tame grasslands was 77.94%, 73.42% and 60% for HSV, BT 

and MSI, respectively, and this metric for native class was 61.45%, 68.82% and 72.09%. UA of 

tame class was 61.63%, 65.17% and 63.93% in HSV, BT and MSI, respectively, while for native 

class it was 60%, 56.64% and 53.45%. The grassland classifications of fused data and non-

fused data are shown in Figure 2.17.  

Table 2.7. Comparison of classification performance for fused images using BT and HSV fusion 
techniques, and non-fused images. The analysis included user’s and producer’s accuracy of tame, native and 
mixed classes. 

Accuracy Index Class MSI HSV BT 
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PA(%) 

Tame 60.00 77.94 73.42 

Native 72.09 61.45 68.82 

Mixed 30.19 26.67 17.31 

UA(%) 

Tame 63.93 61.63 65.17 

Native 53.45 60.00 56.64 

Mixed 59.26 48.00 40.91 

OA(%) - 57.35 59.18 58.48 

Kappa - 0.32 0.36 0.33 

 

      

Figure 2.17. The classification maps of pixel-level fusion with RF approach using (a) the multispectral 
image, (b) the HSV fused image, and (c) the BT fused image. 

2.4.4. The Detailed Grassland Map in Manitoba’s PE 

The Sentinel-1+Sentinel-2 derived grassland map layout using the RF method in 

Manitoba’s PE has demonstrated that the RF model, with an OA of 72.62% and a Kappa 

coefficient of 0.58, had the highest accuracy compared to the SVM and GTB methods. The 

Manitoba grassland inventory (MGI) was proposed through GEE, which classified Manitoba’s 

PE into native, tame and mixed classes using the RF method as a better classifier. To produce 

this map, 1,246 MSI and around 180 SAR images were processed. Considering the 

computation volume, including preprocessing, cloud masking, aggregating, training, and 

testing the models, this task would be highly time-consuming for local computational power. 

However, this huge amount of data was efficiently handled, and a detailed grassland raster 

dataset was computed in a reasonable time (i.e., less than one hour).  

The results of the final step of this study indicated that only 28.55 percent of the total 

study area consisted of grasslands. The tame class represented the biggest grassland type, 

accounting for 53.18 % (1,057,436.78 ha) of the total grassland class, followed by the native 

(a)  (b)  (c)  
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class, comprising 25.69 % (510,886.72 ha). The mixed class was the least abundant, with only 

21.13 % (420,067.52 ha). 

Regarding spatial allocation, the main areas with native grasses were found around 

Lake Manitoba; some patches were located in the central and western parts of PE (Figure 

2.18). The prevalence of tame grasses reflects various land use practices like cultivation or 

pasture management. The mixed-class areas likely include regions with a combination of 

native and tame grasslands and other land cover types, such as those interspersed with non-

grassland elements like agricultural fields or transitional lands. These areas appear to be 

scattered across the central and western parts of the PE region, with particular concentration 

around the west of Lake Manitoba and some isolated patches in the central and southwestern 

regions. The area around the city of Winnipeg has a tendency towards non-grassland land  

use.
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Figure 2.18. The detailed grassland classification of Manitoba’s PE using the RF classification machine learning model and Sentinel-1 and Sentinel-2 data combination.
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2.4.5. Landscape-Based Grassland Statistics 

A breakdown of how much each ecoregion contributed to the total grassland area for 

each class (native, tamed, mixed) in the three dominant ecoregions in Manitoba’s PE is shown 

in Figure 2.19. Aspen Parkland had the largest grassland area among all ecoregions, with a 

dominance of tame grasslands (54.14% of the grassland area), followed by mixed grasslands 

(24.16%) and native grasses (21.70%). The 54.14% of the tamed grassland reflected 

agricultural activities combined with native ecosystems. In the Lake Manitoba Plain, 50.89% 

of the grassland area was covered by tamed grasses, demonstrating a higher degree of 

agricultural modification compared to native systems. The 17.38% of mixed grassland 

indicated a low interaction between natural and managed ecosystems. Meanwhile, the 31.7% 

of native grassland suggested a lesser, yet still significant, proportion of natural grassland, 

pointing to ongoing ecological preservation alongside agricultural use. The Southwest 

Manitoba Uplands exhibited the lowest overall grassland coverage, with 2.42% of the total 

grassland. This ecoregion consists of two distinct uplands, including The Pembina Hills and 

Turtle Mountain sections (R. E. Smith et al., 1998). Pembina Hills Upland is located in south-

central Manitoba and presents dominantly a mosaic of farmland, while Turtle Mountain is 

commonly covered with trees (R. E. Smith et al., 1998).  

 

Figure 2.19. Distribution of mixed, tamed, and native grasslands across three ecoregions, highlighting 
the areas covered by each grassland class. The percentage listed for each ecoregion shows its proportion of the 
total grassland area, with Southwest Manitoba Uplands at 2.42%, Lake Manitoba Plain at 41.83%, and Aspen 
Parkland at 55.75%. The relative dominance of each grassland type across Aspen Parkland, Lake Manitoba Plain, 
and Southwest Manitoba Uplands illustrates regional differences in land use and ecological composition. 

In these Uplands, 11.24% of the grasslands were classified as native grasslands. The 

tame grasslands class, likely located in Pembina Hills, accounted for 70.38% of the grasslands. 
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The remaining 18.38% comprised mixed grasslands, indicating minimal integration between 

natural and tame systems. 

The newly developed web map is an important geospatial tool for visualizing and 

analyzing grassland ecosystems in Manitoba. It provides highly reliable spatial data on various 

grassland types, aiding in understanding their extent, distribution, and characteristics. This 

supports evidence-based decision-making, allowing the end users to explore data layers, 

perform spatial analysis, and identify trends related to grassland conservation, land-use 

planning, and ecosystem services. In addition, the MGI web map is structured in accordance 

with the FAIR principles (i.e., Findable, Accessible, Interoperable, and Reusable), thereby 

guaranteeing that the geospatial data it showcases is readily available for a wide spectrum of 

users and applications (Wilkinson et al., 2016). This fosters collaborative endeavours among 

governmental agencies, NGOs, and researchers committed to conserving Manitoba's 

biodiversity and agricultural sustainability, while also addressing issues related to climate 

change and ecosystem resilience.  

2.4.6. Implications to Policy Approaches for Sustainable Grassland Management 

Grasslands are widely recognized for their importance in species and habitat 

conservation, livelihoods for producers and the livestock sector, and cultural importance 

(Bardgett et al., 2021). They are increasingly understood to be landscape systems that can 

support national and international biodiversity goals and targets, contribute to regional or 

national policy objectives and mitigate climate change (Drever et al., 2021). Consequently, a 

broad range of users and stakeholders, including producers, ecologists, governments and 

citizens, have a stake in grassland sustainability.   

Policy support for grasslands in Canada is largely indirectly applied through federal 

and/or provincial agricultural, climate or biodiversity policy, incentives, or other user-driven 

mechanisms (Ayambire et al., 2022). The indirect nature of this guidance can generate 

uncertainties about whether policy objectives are being met and appropriately reported on. 

Activities related to grassland decision-making lie primarily within the management of private 

lands, under greater or lesser influence by public policy.  

The use of spatial analysis tools, such as those presented here, can help support a policy 

framework for grassland monitoring, management and conservation. Greater environmental 
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and socioeconomic certainty could be realized through: 1) grassland quantification and 

inventories, i.e., what we have and where it is; 2) change detection and related risk 

assessment, i.e., how much change is occurring and how quickly; and 3) linking spatial analysis 

to the policy environment, i.e., what is driving change. Remote sensing can provide the large-

scale assessments required to capture large geographical and temporal scales effectively (J. 

Sun et al., 2022). 

2.5. Discussion 

There have been limited studies on the classification of large-scale grasslands in Canada 

using various remote sensing techniques. Hill et al. (Hill et al., 2000) tested the application of 

RADARSAT to monitor 17,000 ha of native and cultivated rangeland at Onefour, Alberta, 

Canada. Fisher et al (Fisher et al., 2018) evaluated using LiDAR to classify native and tame 

grassland types over a 218.15 km2 area in southwestern Saskatchewan, Canada. However, 

this study focused on the extensive region rather than a test study area. This study utilized 

around 1430 scenes generated by Sentinel-1 and Sentinel-2 from May to October to classify 

grasslands in Manitoba’s PE. GEE allowed us to run the large computations very fast.  

Several studies indicated that integrating SAR Sentinel-1 data with optical data like 

Sentinel-2 enhances accuracy in land use and land cover classification. For instance, 

researchers (Tavares et al., 2019) demonstrated that the integration of Sentinel-1 and 

Sentinel-2 for land cover classification achieved a higher accuracy compared to using each 

sensor individually. Similarly, Borges et al. (Borges et al., 2020) indicated that a combination 

of multisensory data (Sentinel-1 and Sentinel-2) improved the OA in mapping grasslands and 

classes like cropland, woodland, water and forest. Our results confirmed that Sentinel-

1+Sentinel-2 at both steps one and two classifications attained higher accuracy compared to 

the OA obtained using either Sentinel-1 or Sentinel-2 individually, as well as in comparison to 

the Landsat 8-9 and Sentinel-1 combination. For example, in step 1 classification, PA-UA 

metrics for the vegetation class increased from 94.86%-91.43% with Sentinel-1 or 96.79%-

97.37% with Sentinel-2 to 98.59%-97.67% when combined with Sentinel-1 and Sentinel-2. 

This combination also obtained slightly higher accuracy than the combination of Sentinel-1 

and Landsat 8-9 (96-83%-96.84%).  
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This newly proposed strategy for classifying grassland involves a three-step process to 

prevent pixels from being inaccurately categorized. For instance, clustering similar vegetation 

classes together improved accuracy. Similarly, treating all grasslands as a single class yielded 

comparable results. Initially, attempting to classify all classes in one step led to unsatisfactory 

results, with several grassland pixels incorrectly assigned to the cropland class. However, 

adopting the new strategy allowed for a more accurate classification of grassland types. The 

OA of the grassland class was around 98%, indicating a reliable distinction between grassland 

and non-grassland classes. Step 1 classification refined the method by reducing noise and 

removing irrelevant data, such as water and built-up areas. 

Mapping grassland types, including tame, native and mixed, is crucial for grassland 

management (Ren et al., 2008) and for grassland conservation (Yaxing & Quangong, 2001). 

The accuracy of grassland classification was influenced by the classification machine learning 

model used. The type of supervised classification machine learning model significantly 

influenced the accuracy of classifying grassland. During the grassland classification at step 3, 

three popular machine learning methods were tested. RF performed better than the GTB and 

SVM methods, before or after ANOVA feature selection. ANOVA helped RF to reduce the 

number of features from 89 to 61 while simultaneously enhancing the classification accuracy, 

increasing the OA from 69.96% to 72.62%. In contrast, the GTB method required a more 

significant number of features, achieving its best OA with 76 features. GTB experienced the 

greatest improvement in accuracy among all methods, with a 4.49% increase in OA. The 

accuracy improvement also occurred with SVM development. In terms of the number of 

selected features and OA enhancement, SVM outperformed GTB and RF, respectively; 

however, its OA remained significantly lower than both methods. The listing of features 

according to their scores from higher to lower also showed that optical features (like spectral 

bands and VIs) outperformed SAR features (like VV and VH) in all classifier models, as shown 

in Figure 2.A1, in the Appendix of this chapter. Regarding the parameters tuning in machine 

learning models, this study aimed to evaluate some key parameters for each model and the 

charts. Based on the charts provided in Figure 2.12-14, it is highly likely that the best 

parameters for the models were selected. However, we acknowledge that a comprehensive 

hyperparameter tuning process would be necessary to ensure the models operate at their 

optimal performance for broader applications. 
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Frank et al. (2022) showed that the spectral characteristics of different types of 

grasslands were very similar, making it challenging to distinguish between various grassland 

classes using only their spectral signatures. Spectral overlapping hinders effective 

classification and is exacerbated by several external factors such as terrain topography (e.g., 

hills, depressions, riparian areas), soil properties (e.g., soil organic matter, soil moisture 

contents), and climate (precipitation and temperature) (Chandola & Vatsavai, 2010). 

Although those factors can be included in the classification process, spectral overlap caused 

by the temporal nature of certain classes (like grassland types or cropland) is the major issue, 

which can be resolved by utilizing multi-temporal techniques such as the one used in the 

present analyses. Researchers (Aghababaei et al., 2021; Wakulińska & Marcinkowska-

Ochtyra, 2020) reported that multi-temporal images can provide data on different stages of 

vegetation phenology, leading to improvements in vegetation classification.  

Gauthier & Wiken (2003) reported that the total grassland area was 14,692 km2 of 

Manitoba’s PE (around 21%). This study, using remote sensing data, estimated that 28.55% 

of the study area was covered by grassland. The Earth Observation Team at AAFC has been 

producing annual crop-type digital maps (ACI) from 2009 to 2023 with an 85% accuracy at a 

final spatial resolution of 30 m. The AAFC classification product only distinguishes grasslands 

into native (pixel value of 110) and tame (pixel value of 122) grasses (AAFC Canada, 2013); 

ACI showed the area of native grasses was 676,899 ha in 2023. Our study aligns with AAFC 

estimates, as the AAFC product did not account for the mixed class. There might be some 

overlap between the mixed class in our classification and the native class in ACI. The study 

also revealed that the Lake Manitoba ecoregion contains the greatest amount of native 

grasses, primarily concentrated around Lake Manitoba. On the other hand, the Aspen 

Parkland ecoregion has the largest proportion of tame grasses, predominantly distributed in 

the central part of the ecoregion. Additionally, the grassland classes around Lake Manitoba 

and west of PE are highly intertwined. Finding a border to distinguish these classes is 

challenging. This may indicate that these areas are at risk of transitioning from native grass 

types to tame types. This research provides a novel classification strategy that can be adapted 

to other grassland ecosystems globally. The use of multisource remote sensing data, including 

Sentinel-1, Sentinel-2, and Landsat 8-9 satellites, combined with advanced supervised 

machine learning classification techniques, offers a flexible and scalable framework for 
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grassland classification. However, the regions with distinct phenological patterns, spectral 

characteristics, or topographic conditions may require adjustments to the input datasets. 

Additionally, the reliance on field-based ground-truth data for training highlights the 

importance of local data availability to ensure classification accuracy. The next step to further 

improve grassland mapping accuracy is to explore the transferability of this methodology to 

other grassland-dominated areas worldwide by integrating region-specific parameters, such 

as soil properties (e.g., soil organic matter and soil texture), precipitation, and vegetation 

types, to develop a globally applicable classification strategy. 

2.6. Conclusions 

This study demonstrated the effective use of remote sensing technologies, mainly 

through integrating satellite data in mapping grassland types across Manitoba’s PE. It also 

highlighted the critical role of grassland mapping in assessing landscape changes and 

preserving the remaining natural grasslands within PE. The study presents a three-step 

approach to gradually map grasslands, resulting in refined grassland pixels before entering 

step 3, the final step, where they are classified into tame, native, and mixed classes. Sentinel-

1 + Sentinel-2 data as an optimal sensor combination were determined using the RF method 

among different sensor combinations (Landsat 8-9, Sentinel-1 and Sentinel-2). The PA using 

Sentinel-1 + Sentinel-2 data ranged from 94.77% to 98.86% (for the non-grassland class), 

while the UA ranged from 97.41% (for the mosaic grassland class) to 99.14% (for the non-

vegetation class). Both PA and UA values for all classes using Sentinel-1 + Sentinel-2 data were 

higher than those achieved with any other sensor combination. 

In all three steps, between RF, SVM and GTB, RF achieved the highest accuracy, with 

OA and Kappa values of 98.08% and 0.97 for the first two steps, respectively, and 72.62% and 

0.58 in step three, respectively. The results showed that using the ANOVA technique at step 

three would result in higher classification accuracy, with OA increases of 2.66%, 3.96%, and 

4.49% for RF, SVM, and GTB, respectively, compared to their initial OA values of 69.96%, 

56.58%, and 67.69%. Simultaneously, the feature selection technique reduced the number of 

features from 89 to 61, 67, and 76 for RF, SVM, and GTB, respectively. This study also assessed 

the effect of fusion on grassland classification. BT and HSV techniques were used to fuse 

Landsat 8-9 and Sentinel-2 data. Both methods achieved good results, with all R2 values 

between the fused and original images exceeding 0.80, except for Band 3 (B3) in the BT 
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technique. Grassland pixels of fused and non-fused images were classified using the RF 

method, and their accuracy performance revealed that HSV had the best performance, with 

an OA of 59.18% and a Kappa value of 0.36. The BT method ranked second, with an OA of 

58.48% and a Kappa value of 0.33. Both fusion methods attained higher classification 

performance than non-fused images, which had an OA of 57.35% and a Kappa value of 0.32. 

In all ecoregions in PE, tame grasslands were predominant. The area occupied by tame grasses 

was two times greater than that of native grasses across the whole ecoregion. Native 

grasslands might be found more in the Lake Manitoba Plain ecoregion, frequently around 

Lake Manitoba, than in other places (with 31.73% of total grasslands in this ecoregion). 

Mapping native grasslands is crucial for understanding and conserving biodiversity in the 

Canadian Prairie, as this ecosystem supports species at risk and provides essential ecosystem 

services such as carbon sequestration. In the Aspen Parkland and Southwest Manitoba 

Uplands (e.g., Pembina Hill Uplands) ecoregions, the area of the mixed grassland class 

exceeded that of the native grassland class. Specifically, in Southwest Manitoba, the mixed 

class accounted for 18.38% compared to 11.24% for the native class, while in Aspen Parkland, 

the mixed class made up 24.16% compared to 21.70% for the native class. This indicates that 

some areas may have a high potential for transitioning from one grassland type to another. 

The MGI v2 web map provides a new platform that can facilitate engaging various 

stakeholders, including land managers, policymakers, and researchers, by delivering 

interactive and accessible geospatial information. Implementing the FAIR data model ensures 

that the grassland classification data are widely usable for diverse applications.  
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2.7. Appendix 

 

Figure 2.A1. The list of all features with their scores. The numbers following spectral bands, VIs and 
backscatter variables indicate multiple composite images created during the growing season. Red points show 
the features that were excluded from classification models to achieve their highest OA and Kappa coefficient; 
(a) ANOVA F-Value of RF; (b) ANOVA F-Value of SVM; and (c) ANOVA F-Value of GTB. 
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BRIDGE TO CHAPTER 3 

Chapter 3 builds on the output of Chapter 2, which devised the best datasets and 

methods to classify and map grassland distribution in the Manitoba Prairie ecoregion. Based 

on those maps, this next chapter presents a comprehensive methodology for biomass 

estimation using both traditional parametric models and advanced machine learning 

algorithms in the Canadian Prairie region of Manitoba. Three remote sensing sensors with 

different spatial resolutions were employed in this study, and the influence of environmental 

variables on AGB was also assessed.   
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3. GRASSLANDS ABOVEGROUND BIOMASS ESTIMATION USING 

REMOTE SENSING DATA IN MANITOBA’S PRAIRIE REGION 

3.1. Abstract 

Grasslands, covering approximately 40% of Earth's terrestrial surface, play a pivotal role 

in both ecological balance and agricultural economies. Aboveground biomass (AGB) is an 

important indicator of grassland state and productivity. Monitoring grassland AGB using 

remote sensing data provides extensive, continuous and reliable information for decision-

makers. However, cloud cover often obstructs the optical remote sensing observations' ability 

to acquire effective and continuous vegetation data over the study area. Given the dynamic 

nature of grassland ecosystems, users need to have access to up-to-date information for 

making informed economic and management decisions. To address these gaps, Planet 

developed Biomass Proxy products offering analysis-ready AGB estimates at 10 meters 

resolution. This study aimed to develop a multi-stage methodology to (1) evaluate the 

performance of univariate and multivariate regression models; (2) investigate the usefulness 

of synthetic biomass samples derived from the Biomass Proxy product to augment field data 

for machine learning models; and (3) assess the influence of environmental factors on 

grassland AGB estimation in the Prairie regions. The methodological approach used in the 

analysis was devided into two stages. 

In stage one, univariate linear and exponential regression models were fitted by using 

six vegetation indices (VIs) derived from Sentinel-2 and the Biomass Proxy as input predictors. 

For the Biomass Proxy products, the optimal temporal offset was found to be seven days prior 

to the harvest dates. In contrast, due to cloud cover and the coarser revisit time of the 

Sentinel-2 sensor, the closest available image dates varied from 1 to 11 days before harvest. 

Among the VI-based models, the NDVI exponential model achieved the best performance 

(R2=0.53), while the Biomass Proxy-based exponential model achieved even better 

performance (R2=0.61).  

 In stage two, the high-temporal Biomass Proxy was used to synthesize biomass 

samples, enabling the extension of biomass sampling across the growing season of several 

years. Environmental variables, like precipitation, temperature, and elevation, were included 

to enhance model robustness. Multiple datasets (PlanetScope at 3 m, Sentinel-2 at 10 m, and 



93 
 

Landsat 8 and 9 at 30 m) were used in conjunction with parametric and advanced machine 

learning regression techniques, including random forest (RF), support vector regression (SVR) 

and artificial neural network (ANN). Results indicated machine learning methods 

outperformed parametric models (R2≈0.84 vs. ≈0.64). SVR and RF consistently provided the 

highest accuracy across three sensors, with maximum R2 values up to 0.90. At this stage, 

principal component analysis (PCA) was used to analyze collinear predictors. In linear 

regression, where correlation-based feature selection was employed to address 

multicollinearity, PCA produced similar results (R²≈0.61). For machine learning, the RF model 

with principal components performed similarly to the RF model with all correlated predictors 

(R²≈0.88), indicating the effectiveness of RF in handling collinear features. Also, k-fold cross-

validation gave more precise, generalizable performance estimations in machine learning 

models. Feature importance analysis indicated that VIs, climatic variables, and elevation 

contributed approximately 75%, 23%, and 2%, respectively, to AGB estimation, showing the 

importance and effectiveness of environmental features.   

3.2. Introduction 

The grassland ecosystem is one of the largest ecosystems in the world (Zeng et al., 

2021). Grasslands offer several important ecological functions, such as carbon stock and soil 

moisture holding capacity (Xu & Guo, 2015). They also contribute to the economy by 

supplying feed for livestock. Moreover, they support biodiversity and provide habitats for 

wildlife (Peeters, 2009). Over the past several decades, grasslands have experienced 

significant degradation and decline due to human activities, such as overgrazing, recreational 

use, land use dynamics, and soil erosion, which have intensified natural hazards like droughts, 

wildfires, and brush encroachment (Li et al., 2022; Xu & Guo, 2015). The agent and severity 

of grasslands breakdown vary according to the geographical location and the types of grasses 

present (Zhang et al., 2025). In the face of increasing stress factors, such as climatic variability 

and anthropogenic pressures, accurate and regular monitoring of grassland conditions is 

essential for their sustainable and adaptive management (Wang et al., 2019). 

Aboveground biomass (AGB) is a key biophysical metric and an important indicator of 

grassland health and management, which is vital for understanding grassland productivity 

(Wang et al., 2019; Zeng et al., 2021). Quantifying AGB and monitoring its variations are 

critical for understanding carbon dynamics in grasslands and preserving pasture resources 
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(Zeng et al., 2021). AGB, typically, is quantified as the aboveground portion of grassland in 

g/m2 or ton/ha (Zeng et al. 2021). In-situ and remote sensing methods represent the two 

primary approaches used for estimating AGB. In-situ methodologies can be categorized into 

destructive and non-destructive techniques (Bazzo et al., 2023). Destructive methods for 

assessing AGB in grasslands involve direct measurement, which requires the harvesting of 

AGB, followed by subsequent drying and weighing in laboratory settings. While these 

terrestrial methods provide high estimative accuracy, their practical application is constrained 

to limited geographic areas due to the substantial time and labour requirements inherent in 

these processes (Liu et al., 2023). Non-destructive in-situ measurements have been 

developed for decades, and their primary metrics relate directly to biophysical variables (e.g., 

plant morphology and spectral properties) of grasslands to AGB. The rising plate meter (RPM) 

is the most common tool for AGB estimation. An RPM consists of a weighted circular metallic 

plate and a meter stick through its centre. To measure biomass in a pasture, the plate is placed 

at the top of the forage canopy, compressing the leaves and stems until they support its 

weight. Dry matter (DM) is averaged each time a measurement is taken. RPM has limitations 

when the sward is tall or uneven, and it does not capture within-paddock spatial variability of 

biomass production, providing only an average estimate (Figure 3.1).  

 

Figure 3.1. The rising plate meter (RPM) is a common tool for grassland AGB estimation (Rankin & 
Komainda, 2023).   

As an alternative to in-situ methods, remote sensing methods have increasingly been 

used to estimate AGB in various grassland ecosystems over recent decades, which has led to 

significant advancements in enabling scholars and decision-makers to monitor grasslands 

continuously and rapidly at different spatial and temporal resolutions (Vawda et al., 2024; 

Wang et al., 2019). Multispectral and hyperspectral imaging are the two predominant types 

of optical remote sensing that are used to estimate grassland AGB (Wang et al., 2022). Landsat 
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series (e.g., MSS, ETM+ and OLI -1 and 2) (Reinermann et al., 2020; Schwieder et al., 2022), 

Moderate Resolution Imaging Spectroradiometer (MODIS) satellites (e.g., Terra and Aqua 

sensors) from NASA (Hubert-Moy et al., 2019; Paltsyn et al., 2017), and the Sentinel 

Constellation of Sentinel-2 from ESA (Abdollahi et al., 2022; Badreldin et al., 2021) are the 

most frequently used multispectral spaceborne sensors in the field of landscape detection 

and prediction (Wang et al., 2022). This widespread popularity can be attributed to availability 

of free data, extensive global coverage, and compatibility with various remote sensing 

software packages, including SNAP and QGIS. Compared to well-established multispectral 

platforms, high-quality hyperspectral satellite sensors with comparable spatial resolution 

have recently emerged (Zhao et al., 2025). The PRecursore IperSpettrale della Missione 

Applicativa (PRISMA), with 239 spectral bands, and the Environmental Mapping and Analysis 

Programme (EnMap), with 230 spectral bands are two advanced hyperspectral sensors 

launched by the Italian and German Space Agency, respectively, each featuring a spatial 

resolution of 30 m (Zhao et al., 2025). 

In addition to spectral reflectance obtained through optical remote sensing, specifically 

in the Green, Blue, Red, and near-infrared (NIR) bands, a variety of vegetation indices (VIs) 

are commonly used to estimate AGB. Well-known VIs include the Normalized Difference 

Vegetation Index (NDVI), Difference Vegetation Index (DVI), Enhanced Vegetation Index (EVI), 

Soil-Adjusted Vegetation Index (SAVI), and the Ratio Vegetation Index (RVI) (Garroutte et al., 

2016; Tian et al., 2023). The most widely used indices for biomass estimation have been NDVI 

and EVI (Dos Reis et al., 2020; Guerini Filho et al., 2020; Paltsyn et al., 2017). Due to their 

effectiveness in characterizing vegetation states, NASA has generated global NDVI and EVI 

products (e.g. MOD13Q1, MOD13A1, MOD13A2, MOD13C1, MYD13Q1) with moderate to 

high temporal resolution (daily, 8 days and 16 days) but relatively low spatial resolution (250 

m, 500 m and 1km), which have been widely used by scientists to study global vegetation 

changes (MODIS Web, n.d.).  Liu et al. (2017) analyzed the AGB dynamics trend from 2000 to 

2012 using the relationship between MODIS NDVI and actual grassland AGB. Other research 

has found a notable example of regional-scale AGB estimation using MODIS NDVI. This study, 

conducted by Gao et al. (2013), estimated grassland AGB across Inner Mongolia from 2001 to 

2011 by combining field-measured samples with MODIS-NDVI time series data. To address 

http://doi.org/10.5067/MODIS/mod13a2.006
http://doi.org/10.5067/MODIS/mod13c1.006
http://doi.org/10.5067/MODIS/myd13q1.006
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spatial heterogeneity and improve estimation accuracy across different grassland types, they 

developed region-specific statistical models.  

Besides MODIS imagery, other multispectral satellite datasets, including Sentinel and 

Landsat, provide enhanced spatial resolution and a comprehensive selection of spectral bands 

that are well-suited for grassland AGB in grassland ecosystems (Wang et al., 2022). Li et al. 

(2021) estimated biomass in Shengjin Lake Wetland, China, using Sentinel-2 data and 

ensemble algorithms; By using spectral bands, VIs, and texture features, the extreme gradient 

boosting (XGBoost) method yielded superior results with a root mean square error (RMSE) of 

112.425 g/m² and R² of 0.86, compared to RF with an RMSE of 126.571 g/m² and R² of 0.844 . 

Another study in the Pampa Biome in Brazil assessed degradation of this biome due to exotic 

species and monocultures, which increases the risk of native species extinction (Guerini Filho 

et al., 2020). The state of the natural grassland biomass was examined using Sentinel-2 

imagery across two rotational grazing systems. Two rest intervals of 375 and 750 degree days 

(DD) were established. Biomass estimation results were satisfactory, with R2=0.51 for 375 DD 

and R2=0.65 for 750 DD (Guerini Filho et al., 2020).  

Cloud cover can often obstruct optical remote sensing observations' ability to acquire 

effective and timely data over the study area to monitor grasslands (Dusseux et al., 2014). 

Synthetic aperture radar (SAR), which is an active remote sensing technology, has the ability 

to penetrate cloud cover and operate independently of weather conditions. Different SAR 

sensors have been developed over the past decades, which operate at various bands, such as 

RADARSAT-2 and Sentinel-1 at C band (Staples, 2005; Torres et al., 2012), ALOS-2 at L band 

(Rosenqvist et al., 2014), and TerraSAR-X and COSMO-SkyMed at X band (Krieger et al., 2007). 

Some researchers aimed to leverage SAR data for estimating grassland AGB, either by using 

them alone or by fusing them with optical data. Braun et al. (2018) utilized three types of SAR 

satellite data, including ENVISAT, ALOS and SSM/I, which represent surface brightness 

temperature, to build a correlation between radar backscatter intensities and field data for 

estimating biomass in the low-biomass Savanna ecosystem. They developed different 

regression models based on different sensor combinations and years, resulting in R2 ranging 

from 0.13 to 0.56 and RMSE between 1.5 and 2.5 tons per hectare. Schmidt et al. (2016) used 

both Landsat optical imagery and TerraSAR-X (TSX) X-band radar data to develop a statistical 

model for estimating pasture biomass in northeastern Australia. The model achieved an 
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adjusted R2 value of 0.81 in the dry season and 0.74 in the wet season, with mean standard 

errors of 332 kg/ha and 240 kg/ha, respectively.  

Given the dynamic nature of grassland ecosystems, it is essential for various 

stakeholders, such as ranchers, ecologists and agronomists, to have access to a continuous 

monitoring system for making informed economic and management decisions (Burger et al., 

2024). To address these gaps, Planet’s Biomass Proxy offers an innovative method for 

integrating SAR Sentinel-1 and optical Sentinel-2 data to build an analysis-ready product that 

indicates AGB dynamics at 10 m spatial resolution (Burger et al., 2024). This dataset is 

generated using the Cross-Ratio (CR), a radar-based vegetation index, and NDVI, an optical 

vegetation index, allowing for daily vegetation monitoring regardless of cloud cover. The 

product offers a relative biomass measure, with pixel values ranging from 0 (absence of 

biomass) to 1 (i.e., maximum biomass) (Burger et al., 2024). Guillevic et al. (2024) evaluated 

the effectiveness of Biomass Proxy in quantifying crop biomass dynamics and yield. A 

correlation was established between Biomass Proxy measurements and the biomass of corn, 

winter wheat, and soybean fields. The findings confirmed that Biomass Proxy can effectively 

detect rapid fluctuations in plant growth induced by agricultural practices or environmental 

stressors, such as nitrogen deficiency and water stress. Notably, fresh biomass measurements 

of corn and soybean exhibited the highest correlations with Biomass Proxy, with R² values 

exceeding 0.9 and approximately 0.7, respectively.  

There are also satellite sensors with higher spatial resolution (<10 m), which are 

typically commercial satellites that must be purchased by users. High-resolution optical 

sensors use cameras with smaller Instantaneous Fields of View (IFOV), which leads to reduced 

swath width and, consequently, lower coverage capacity (Liang & Wang, 2020). This can be a 

limiting factor when short revisit times are required for monitoring grasslands (Manfreda et 

al., 2018). Jargalsaikhan et al. (2024) utilized high-resolution PlanetScope imagery (with 3 m 

spatial resolution) to estimate aboveground dry biomass (ADB) in Mongolian grasslands. The 

research used linear regression to establish correlations between satellite-derived NDVI and 

field-measured ADB. Strong correlations were found, resulting in R2 values from 0.65 to 0.82 

for various grassland types, indicating PlanetScope imagery's potential for biomass estimation 

in diverse grassland ecosystems. High spatial resolution sensors cover smaller areas but 

provide detailed information. Small-constellations like PlanetScope have revolutionized this 



98 
 

field by offering daily high-resolution imagery with a spatial resolution of 3 m. However, 

managing and processing such data becomes challenging for regional and global areas 

(Jargalsaikhan et al., 2025). Some research, such as Jargalsaikhan et al. (2025), aimed to solve 

this issue by fusing low-resolution sensors like JPSS-VIIRS (375 m spatial resolution) with high-

resolution sensors like PlanetScope through spectral harmonization. This approach allows for 

the integration of the frequent global coverage from low-resolution sensors with the detailed 

spatial information from high-resolution imagery.  

In addition to VIs, which are critical phenological indicators of grass growth conditions, 

various studies have identified several terrestrial factors that influence AGB in grasslands. 

These factors include elevation, latitude, longitude, slope, and aspect; meteorological 

variables, such as precipitation, temperature and solar radiation, as well as soil 

characteristics, all of which are used as input variables in predictive models (Zhou et al., 2021). 

Temperature influences the efficiency of nutrients by altering biogeochemical processes 

(Yang & Piao, 2006; Zhou et al., 2003), precipitation affects soil moisture content, which 

directly influences the growth of plants (Jobbágy et al., 2002), and topographic factors like 

elevation, slope, and aspect influence light intensity, moisture distribution, and vegetation 

patterns, which in turn significantly impact vegetation biomass (Wang et al., 2023). 

Researchers examined the role of topography and climate, combined with remote sensing 

data, in estimating grassland AGB in northern China (Yao & Ren, 2024). The findings showed 

that including topography and climate data improved the R2 from 0.43 to 0.64, compared to 

models using only remote sensing data. Similarly,  Li et al. (2024) assessed the impacts of 

climatic factors, anomalies, topographical elements, and soil properties on AGB using 17,421 

in-situ ground-truth samples across approximately 4.2 million km² of Chinese grasslands 

utilizing Sentinel-1 and Sentinel-2, 17 radar and optical features, alongside 14 non-remote 

sensing variables categorized into soil properties, climatic factors, topographical elements, 

and climatic factor anomalies (CFA). Mean annual precipitation (MAP) emerged as the most 

significant predictor, explaining 27% of AGB variation, while EVI from optical data contributed 

an additional 14%. Elevation accounted for 5% of AGB variation. Among variable groupings, 

soil properties (soil organic carbon, clay content, and total nitrogen at 0–30 cm), radar 

variables (VV and VH), and CFA (precipitation, temperature, vapour pressure deficit, and solar 
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radiation anomalies) exhibited marginal effects, each contributing less than 15% to AGB 

variation.  

The prevalent models utilized for AGB estimation in grassland ecosystems are generally 

categorized into two frameworks: physical models and statistical models. Physical models are 

based on establishing a relationship between remotely sensed reflectance data and various 

vegetation canopy parameters to effectively estimate AGB (Bazzo et al., 2023). Such models, 

however, simulate the biophysical processes of vegetation (Zeng et al., 2021), adding 

complexity and requiring numerous vegetation growth parameters, thereby making the 

process of parameter optimization complex. Therefore, physical models are not applicable for 

large-scale biomass prediction since this type of modelling requires huge data inputs (i.e., 

ground truthing field data or in-situ) (Yao & Ren, 2024). Parametric and non-parametric 

models are a form of statistical model that is based on the regression patterns between 

various forms of variables (i.e., features and data that contribute to prediction) for prediction. 

For example, parametric models contain explicit mathematical representations and are 

further divided into linear and nonlinear models, which are simple and intuitive to target 

specific spatiotemporal dimensions and highly sensitive to high spatial heterogeneity and 

diverse grass species (Ali et al., 2016; Ge et al., 2018; Tian et al., 2023; Wang et al., 2022). In 

comparison, nonparametric models are superior in dealing with complex nonlinear 

relationships, offering high prediction accuracy, better fitting performance, and good 

generalization capability with a remarkable advantage of freely learning capability during 

modeling calibration without relying on pre-assumed functional relationships ( Wang et al., 

2022).  

Commonly used non-parametric models in grassland AGB estimation include random 

forest (RF), support vector regression (SVR), and artificial neural network (ANN) (Ali et al., 

2017; Barrett et al., 2014;  Liu et al., 2023; Morais et al., 2021).  Li et al. (2024) analyzed six 

different models (i.e., parametric and non-parametric), including multiple linear regression 

(MLR), support vector regression (SVR), multilayer perceptron (MLP), elastic net regression 

(EN), histogram gradient boosting regressor (HGBR), and RF. The analysis revealed substantial 

differences in predictive performance among the models, with R2 values ranging from 0.29 

for SVR to 0.68 for RF. Similarly, RMSE values varied between 87.92 and 127.50. In a related 

study, De Rosa et al. (2021) examined a statistical model generalized using a generalized 
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additive model (GAM) and RF to predict pasture biomass. The accuracy of both models was 

high, with prediction errors smaller than 20%. The performance of models was quite low 

when important variables (e.g., soil types and cumulative rain) were not included, and this 

shows the significance of extensive input features. Overall, the study demonstrated the 

effectiveness of statistical and machine learning models for accurate pasture biomass 

estimation at the field scale. Developing models to address the lack of spatially extensive 

predictions of regional biomass production and biodiversity in grasslands has been a focus of 

recent research by Muro et al. (2022). They compared feed-forward deep neural network 

(DNN) and RF approaches to build their regional models to predict biomass and species 

richness in temperate grasslands. They used features extracted from Sentinel-1 and Sentinel-

2, topography variables, and soil types to develop these models. The results demonstrated 

that Sentinel-1-based predictors performed poorly, and the combination of optical and SAR 

data did not improve prediction accuracy despite some studies reporting successful 

predictions using Sentinel-1 data (Naidoo et al., 2019; Wang et al., 2019). The DNN model 

outperformed RF in biomass estimation, achieving an R2 of 0.45 using Sentinel-2 surface 

reflectance. Additionally, the DNN showed superior generalizability, with a higher R2 in spatial 

cross-validation (0.38 compared to 0.26 for RF). Defalque et al. (2024) created machine 

learning models that predicted pasture biomass and dry matter based on the combination of 

spectral, environmental, and cattle variables. The XGBoost model produced the best accuracy 

in biomass estimation (R2 = 0.76; RMSE = 1914.8 kg/ha), whereas SVR was most effective in 

dry matter (R2 = 0.77; RMSE = 822.7 kg/ha). The findings indicate the usefulness of non-linear 

models and the incorporation of animal attributes in enhancing the monitoring of pasture 

conditions in grazing systems. Some research, such as Talebizadeh & Moridnejad (2011) and 

Yuan et al. (2014) endorsed that machine learning methods consistently outperformed 

traditional statistical approaches.  

The lack of comparative studies between different machine learning and parametric 

models using input vegetation-based variables from different sensors with different spatial 

resolutions, climatic and elevation factors limits the understanding of how model types and 

effective variables affect grassland AGB. In order to fill this gap, extensive sampling of biomass 

at various points in the growing season and among years would be necessary to encompass 

the temporal and spatial variability of grasslands. As in-situ measurements are time-
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consuming and expensive, the effort to find ways to synthetically produce or supplement 

biomass samples may be a feasible way to facilitate more confident and sustainable AGB 

modelling. The objectvies of this study were (1) to assess grassland AGB productivity using 

different VIs derived from Sentinel-2, and Biomass Proxy as input remote sensing data and 

univariate parametric regression models (e.g., linear and exponential methods), (2) to 

generate synthentic biomass samples from using high-temporal Biomass Proxy product to 

address limited field samples for machine learning analysis and to better represent biomass 

virability across the growing season, (3) to comprehensively evaluate grassland AGB using 

multivariate parametric models (e.g., linear and exponential regression) and machine learning 

algorithms (e.g., RF, SVR and ANN) by including synthetic data, environmental factors and 

different VIs derived from different optical sensors, such as PlanetScope, Sentinel-2 and 

Landsat 8 and 9 (Landsat 8-9), and (4) to assess the role of environment variables (e.g., 

temperature, precipitation and elevation) in grassland AGB of Manitoba’s Prairie Ecozone 

(PE).  

3.3. Materials and Methods 

3.3.1. Study Area and Field Biomass Measurements 

The study was conducted in Manitoba’s PE, the southern part of the province of 

Manitoba in Canada, as shown in Figure 3.2. The ecozone’s natural land cover consists 

predominantly of diverse grassland landscapes, which have greatly decreased since European 

settlement in the early 19th century due to extensive agricultural development and expansion 

(Shorthouse, 2010). An estimated 70% of the natural vegetation in PE, mostly native 

grasslands, was lost before the 1990s (Riley et al., 2007). A small but significant portion of the 

PE includes the tallgrass prairie in the Lake Manitoba Plain Ecoregion, which is known as North 

America's most endangered grassland type (Shorthouse, 2010).  
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Figure 3.2. Map of the study area in Manitoba, Canada, used for biomass and biodiversity modelling. (a) 
Location of the Prairie Ecozone (PE) within the province of Manitoba. (b) Distribution of ecoregions within 
Manitoba’s PE, illustrating the spatial variability of ecological zones across the study area.  

The PE includes diverse land-use types such as native grasses, tame pastures, haylands, 

and mixed-use agricultural lands, with agriculture remaining as the predominant land use. 

The PE is Canada's primary habitat for various grassland species, including blue grama grass, 

wheat-grasses, alfalfa and sweet clover (Shorthouse, 2010). Although the conversion of 

natural grassland to agriculture has levelled off over the past few years, different destructive 

factors such as urban expansion, industrial development, drainage projects, and ongoing 

agricultural activities threaten landscape integrity through increased fragmentation 

(Government of Canada, 2002). The study area is characterized by a humid continental 

climate, featuring warm, moist summers with average temperatures ranging from 15 to 19 

°C. The region is predominantly covered by Black Chernozemic soils and has a flat topography 

(Smith et al., 1998). Its precipitation varies from less than 280 mm/yr in the dry core area to 

540 mm/yr in the Lake Manitoba Plain Ecoregion, with a high number of cloud‐free days 

(Smith et al., 1998). 

The distribution of biomass samples used in the analyses of the grassland is shown in 

Figure 3.3. The locations of the fields are spread from northwestern to southeastern 

Manitoba PE and appear to be distributed across three distinct geographic regions. The 

number of samples is not evenly distributed in the six fields. The middle field (i.e., NS-L02) has 

the largest number of biomass samples. 

(a) (b) 
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Figure 3.3. Location of six fields where biomass was surveyed in Manitoba’s PE (red rectangles) and 
distribution of biomass samples at each field. Field’s name was embedded in them. 

Accurate field data is essential to construct a reliable and robust model (Table 3.1). 

Around 190 AGB samples of grasslands were collected by Agriculture and Agri-Food Canada 

(AAFC) in the PE of Manitoba using a standardized sampling method. Biomass samples were 

collected within small plots with a size of 50 x 50 cm. At the "peak" sampling stage, i.e., the 

biomass of grass reached its maximum, all grasses within a larger area (1.3 x 1.3 m) protected 

by grazing cages were initially clipped before placing the cages back. Samples harvested were 

categorized into three types: "Peak" samples were gathered either before grazing occurred 

or from areas protected by cages; "Regrowth" samples were taken later from areas protected 

from grazing, containing only new growth without stubble left from earlier clipping; and 

"Residue" samples, collected only in 2020 without grazing cages, consisted of leftover grass 

after grazing, combining dead residue with new growth. All sample locations were measured 

by GPS. Regrowth and Residue biomass samples were discarded due to uneven growth 

patterns relative to their surrounding areas, resulting in inconsistency between remote 

sensing features and in-situ measured biomass. Therefore, among biomass samples, 102 peak 

samples were selected. They were harvested during peak time (early to mid-July) at six fields 

across three main areas in PE, representing the ecosystem diversity of PE in Manitoba. Further 

information about sample datasets, including site ID, quarter section, dates and grass types, 

is provided in Table 3.1.  
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Table 3.1: The details of grassland sampling sites, such as dates and grass types in PE. 

Site ID Quarter Section Dates Grass Types 

MD‐S08 

 

SE‐4‐2‐4‐E1 
2021‐07‐20 

2022‐07‐12 
Wet Meadow/Transition; Mixed 

SE‐4‐2‐4‐E1 
2021‐07‐20 

2022‐07‐12  
Upland Shortgrass; Tame 

MD‐C06 

 

SE‐3‐1‐4‐E1 
2021‐07‐15 

2022‐07‐12 
Wet Meadow/Transition; Mixed 

SE‐3‐1‐4‐E1 
2021‐07‐15 

2022‐07‐12 
Upland Shortgrass; Tame 

MD‐N03 

 

NE‐15‐1‐4‐E1 2022‐07‐11 Hayland; Tame 

NE‐15‐1‐4‐E1 2022‐07‐11 Upland Tall Grass; Tame 

NS‐L02‐G4 

 

 

NE‐20‐3‐7‐W1 
2021‐07‐13 

2022‐07‐25 
Upland Tall Grass‐Legume; Tame 

NE‐20‐3‐7‐W1 
2021‐07‐13 

2022‐07‐25 
Upland Tall Grass‐Legume; Tame 

NE‐20‐3‐7‐W1 
2021‐07‐13 

2022‐07‐25 
Hayland; Tame 

UO‐G02 NE‐8‐19‐22‐W1 

2021‐07‐09 

2021‐08‐01 

2022‐07‐13 

Upland Shortgrass; Tame 

UO‐K01 NW‐14‐18‐24‐W1 
2021‐07‐09 

2021‐08‐01 
Upland Tall Grass‐Legume; Tame 

3.3.2. Grassland Biomass Prediction Strategy 

Grassland AGB assessment was carried out in three steps. The first was data 

preparation, acquiring appropriate Sentinel-2 images, Biomass Proxy scenes by considering 

the temporal difference to in-situ biomass measurements. The selected features were 

extracted and, alongside Biomass Proxy at different time offsets to the harvesting dates, used 

as predictors to estimate AGB using univariate parametric models. Step 2 evaluated the 

predictive capacity of univariate linear and exponential regression models with remote 

sensing features and assessed the effect of outliers on the models’ performance. As field data 

were limited in both quantity and growing season coverage, the number of samples in various 

growing seasons and years help to fully capture biomass dynamics.To address this, Biomass 

Proxy characterized by its high temporal resolution (daily), cloud-free coverage and analysis-

ready format was used to generate synthetic biomass samples. Finally, Step 3 built on the 

outcomes of Step 2 by utilizing the synthetic samples to enable a more comprehensive 
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evaluation that incorporated climatic and topographic variables known to influence grassland 

biomass (Li et al., 2024). This step used a broader set of remote sensing sensors (e.g., 

PlanetScope, Sentinel-2 and Landsat 8-9) and regression models (multivariate linear and 

exponential parametric methods, as well as RF, SVR and ANN machine learning algorithms). 

Figure 3.4 illustrates the steps and details about the different sections and components 

involved in the strategy.  

 

Figure 3.4. General workflow of the primary steps in the grassland AGB estimation strategy. Step 1 was 
preparing datasets. Vegetation indices (VIs) extracted from Sentinel-2 and Biomass Proxy were acquired 
according to the timing of ground-truth data collection. In step 2, the fit of several univariate parametric models 
in AGB prediction was assessed, and Biomass Proxy which offers daily products, was used to generate new 
biomass samples for a more thorough evalutation on biomass. Step 3 involved a comprehensive evaluation using 
synthetic biomass samples with multivariate parametric regression models and machine learning algorithms, 



106 
 

incorporating data from three optical satellite sensors (PlanetScope, Sentinel-2, and Landsat 8-9). At this step, 
the impact of environmental data like precipitation, temperature and elevation was also analyzed. 

3.3.3. Optical Remote Sensing Data  

Three optical remote sensing sensors, PlanetScope, Sentinel-2 and Landsat imagery 

with 3, 10, and 30 m spatial resolution, respectively, were used in different parts of this study 

for grassland AGB estimation. Each sensor offers various levels of image processing, including 

raw, Top of Atmosphere (TOA), and Bottom of Atmosphere (BOA), also known as Surface 

Reflectance. This study used the Surface Reflectance image of all the sensors that were 

atmospherically corrected and provided approximately similar reflectance. To avoid selecting 

cloudy pixels, a cloud filter was first applied during the downloading of the scenes. 

Additionally, pixels with NDVI values below 0.2 were filtered out using an NDVI threshold to 

further reduce the effect of residual clouds or shadows. Even though the revisit times of the 

sensors were different, attempts were made to pick images that had minimum differences in 

acquisition dates across sensors to ensure temporal consistency. Sentinel-2 and Landsat 

images were downloaded from GEE, while PlanetScope images were purchased through their 

website.  

PlanetScope is a constellation of approximately 130 small Earth-observing satellites 

(known as Doves) operated by Planet Labs. Each satellite is a CubeSat with dimensions of 

10×10×10 cm (Frazier & Hemingway, 2021). These satellites provide daily, high-frequency 

imagery at 3 m spatial resolution, enabling consistent global monitoring (Frazier & 

Hemingway, 2021). PlanetScope is particularly valuable for applications such as vegetation 

monitoring, land cover classification, and change detection (Cui et al., 2022; Gašparović et al., 

2018; Qayyum et al., 2020). PlanetScope offers several product types: Basic Analytic, Analytic, 

Visual, and Surface Reflectance, as shown in Figure 3.5. In the study, the data were acquired 

through a commercial license that was available for the growing seasons from 2021 to 2023.  
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Figure 3.5. Illustrates the processing chain and steps involved to generate each of PlanetScope’s imagery 
products (PlanetScope | Planet Documentation, 2025). 

Sentinel-2 satellite mission consists of a collection of two identical satellites in the same orbit 

which provide a high revisit frequency of 5 days at the Equator and 10 m spatial resolution 

(Phiri et al., 2020). Sentinel-2 instrument released two products, which are available to users: 

Level-1C and Level-2A (Phiri et al., 2020). The atmospherically corrected Level-2A product was 

used in this study. 

Landsat 8-9 obtain seasonal views of global land territory at 30 m resolution for visible, NIR, 

short wave infrared (SWIR) bands, with an 8-day revisit time when combined (Markham et 

al., 2020; Roy et al., 2014). Landsat 8-9 data are classified into three Tiers (i.e., categories): 

Tier 1, Tier 2, and Real-Time data. The highest quality data belong to Tier 1, which meets 

geometric and radiometric quality requirements, and were used in this study. The comparison 

of all optical remote sensing data used in this study, in terms of their spectral bands, 

radiometric and spatial resolution, is provided in Table 3.2. 

Surface Reflectance imagery of Sentinel-2 and Landsat 8-9 raster data was acquired 

from the Google Earth Engine (GEE) catalogue1, which is a cloud-based platform for Earth 

science data and analysis that facilitates the analysis and visualization of large-scale geospatial 

datasets (Parracciani et al., 2024). In GEE, several functions are available to reduce cloud 

cover, either at the scene level using metadata fields, such as CLOUD_COVER and 

CLOUDY_PIXEL_PERCENTAGE, or at the pixel level using quality assessment (QA) bands, the 

cloudScore algorithm and the s2cloudless machine learning model (Harod, 2021; Pasquarella, 

                                                      
1 https://developers.google.com/earth-engine/datasets/  

https://developers.google.com/earth-engine/datasets/
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2023). In the case of PlanetScope imagery, the cloud-masking functionality provided on the 

website of the provider is limited to scene-level filtering by the percentage of overall cloud 

cover. 

Table 3.2. Spectral band characteristics of PlanetScope, Sentinel-2, and Landsat 8–9 OLI sensors used in 
this study; central wavelength in nanometers (nm), and spatial resolution for each sensor in meters (m), which 
is the size of the ground area represented by each pixel in the satellite image.  

Band Name 
Central 

Wavelength 

(~nm) 

PlanetScope Sentinel-2 Landsat 8-9 OLI 

Index 
Number 

Spatial 
Resolution 
(m) 

Index 
Number 

Spatial 
Resolution 
(m) 

Index 
Number 

Spatial 
Resolution 
(m) 

Coastal aerosol 437 B1 3 B1 60 B1 30 

Blue 512 B2 3 B2 10 B2 30 

Green 1 531 B3 3     

Green 560 B4 3 B3 10 B3 30 

Yellow 610 B5 3     

Red 664 B6 3 B4 10 B4 30 

Red Edge 1 703 B7 3 B5 20   

Red Edge 2 740   B6 20   

NIR (narrow 1) 781   B7 20   

NIR 833   B8 10 B5 30 

NIR (narrow 2) 864 B8 3 B8A 20   

Water vapor 944   B9 60   

SWIR Cirrus 1375   B10 60 B9 30 

SWIR 1 1611   B11 20 B6 30 

SWIR 2 2191   B12 20 B7 30 

Out of approximately 40 VIs utilized in previous studies for the estimation of vegetation 

biomass due to their sensitivity to the vegetation structure and biomass (Chen et al., 2024; 

Guerini Filho et al., 2020; Li et al., 2021; Li et al., 2024; Malenovský et al., 2013; Uyeda et al., 

2017), six VIs were selected, namely NDVI, EVI, RVI, Renormalized Difference Vegetation Index 

(RDVI), Green Leaf Algorithm (GLA), and Pan NDVI (PanNDVI). These indices were chosen 

based on two criteria: (1) their use in prior studies for estimating grassland biomass through 

remote sensing data and (2) their demonstrated high correlation with in-situ measured 

biomass samples, as indicated by either Pearson (r) or Spearman (ρ) correlation (Table A1 in 

the Appendix of this chapter). Six VIs listed in Table 3.3 were calculated based on visible and 

NIR bands of optical images.   
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Table 3.3. Vegetation Indices (VIs) were generated using optical remote sensing images and applied in 
the research models. 

Index Name Formula 

NDVI Normalized Difference Vegetation Index 
𝑁𝐼𝑅 − 𝑅

𝑁𝐼𝑅 + 𝑅
 

EVI Enhanced Vegetation Index 2.5 ×
(𝑁𝐼𝑅 − 𝑅)

(𝑁𝐼𝑅 + 6𝑅 − 7.5𝐵 + 1)
 

RVI Ratio Vegetation Index 
𝑁𝐼𝑅

𝑅
 

RDVI 
Renormalized Difference Vegetation 
Index 

𝑁𝐼𝑅 − 𝑅

√𝑁𝐼𝑅 − 𝑅
 

GLA Green Leaf Algorithm 
2𝐺 − 𝑅 − 𝐵

2𝐺 + 𝑅 + 𝐵
 

PanNDVI Pan NDVI 
𝑁𝐼𝑅 − (𝑅 + 𝐺 + 𝐵)

𝑁𝐼𝑅 + (𝑅 + 𝐺 + 𝐵)
 

3.3.4. Biomass Proxy Raster Data 

One of the newly developed terrestrial variables that helps the understanding of 

biophysical land cover dynamics is the Biomass Proxy product, which was created based on 

the combined microwave and optical satellite data to provide a predicted approximation of 

biomass within high temporal frequency (Burger et al., 2024). The backscatter SAR in VV and 

VH polarizations (vertical transmit and vertical receive) enables researchers to evaluate three 

fundamental vegetation characteristics, which include canopy structure, together with 

vegetation water content and plant tissue dielectric properties (Rubbens et al., 2023; Ulaby 

et al., 1986). The level of water within vegetation shows a direct connection to biomass; 

therefore, microwave-based features function as proven indicators of vegetation biomass 

(Khabbazan et al., 2019; Vreugdenhil et al., 2018). However, radar backscatter is also affected 

by other factors like soil moisture and incidence angle. To reduce the effects of those factors 

and enhance radar’s capability to detect vegetation, the CR index was introduced (Burger et 

al., 2024). CR is the ratio between VH and VV extracted from radar Sentinel-1 satellites at 10 

m spatial resolution, as shown in Equation (1).  

𝐶𝑅 =
𝑉𝐻

𝑉𝑉
                  (1) 

The optical component depends on Sentinel-2 imagery to derive NDVI for analysis. 

Chlorophyll concentration detection happens through visible wavelengths yet leaf internal 
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structural data comes from near-infrared bands, according to Gurney et al. (1993). NDVI is 

widely used to estimate chlorophyll content in plants, which is directly linked to 

photosynthetic activity. Chlorophyll absorbs light primarily in the visible spectrum (0.4 to 0.7 

µm), while plant cell structures reflect strongly in the near-infrared range (0.7 to 1.1 µm) 

(Gurney et al., 1993). Thus, optical remote sensing satellites measure both the red and NIR 

bands to derive NDVI, allowing assessment of vegetation health and density based on the 

differential reflectance in these two spectral regions. NDVI data is collected at 10 m spatial 

resolution from the optical Sentinel-2 satellites.  

To fuse both radar CR index and optical NDVI in both time and space, it is essential that 

their values are in the same range. Thus, radar CR is scaled to align with NDVI. NDVI and scaled 

radar signal (CR) are fused using static weights (fixed contribution) and dynamic weights 

(based on image quality, cloud cover, and recency). The time series signal is redistributed to 

daily 10 m resolution biomass maps using spatial weights (Burger et al., 2024).  

3.3.5. Landscape Topography Dataset 

Topographic data were obtained from NASADEM at a 30 m spatial resolution. 

NASADEM is a modern version of the Digital Elevation Model (DEM) and associated products 

generated from the Shuttle Radar Topography Mission (SRTM) data (Crippen et al., 2016). The 

original SRTM raw signal radar data were reprocessed using improved algorithms and 

incorporating data primarily derived from the Ice, Cloud, and Land Elevation Satellite (ICESat), 

Geoscience Laser Altimeter System (GLAS) and Advanced Spaceborne Thermal Emission and 

Reflection Radiometer (ASTER) instruments (Crippen et al., 2016). These LiDAR and DEM data 

were unavailable during the original SRTM processing. The major processing improvements 

involve void decrease through improved phase unwrapping and using ICESat GLAS data for 

control (Crippen et al., 2016). The NASADEM products are freely available through the Land 

Processes Distributed Active Archive Centre (LP DAAC) at one-arc-second spacing (~30 m). In 

this study, NASADEM data were extracted using GEE across biomass sampling fields and 

resampled to match the spatial resolution of the satellite sensor being used 

(https://portal.opentopography.org/datasetMetadata?otCollectionID=OT.032021.4326.2). 

3.3.6. Climatic Data 

In this study, Daily Surface Weather Data (Daymet) Version 4 R1, which estimates daily 

weather parameters on a 1-km grid for North America, Hawaii, and Puerto Rico, was used. 

https://portal.opentopography.org/datasetMetadata?otCollectionID=OT.032021.4326.2
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Daymet is derived from selected meteorological station data and various supporting data 

sources. Each grid has several meteorological variables, including minimum temperature, 

maximum temperature, precipitation, shortwave radiation, vapour pressure, snow water 

equivalent, and day length. The dataset covers the period from January 1, 1980, to December 

31 (or December 30 in leap years) of the most recent full calendar year for the Continental 

North America and Hawaii spatial regions. Its spatial resolution is 1 km x 1 km, while its 

temporal resolution is daily (Thornton et al., 2020).  

Daymet Version 4 upgrades the previous versions by implementing multiple 

enhancements that fix known input weather station bias problems. The key advancements 

introduce three main modifications to (1) mitigate timing issues in weather station reports, 

(2) optimize three-dimensional modelling regression algorithms, and (3) establish new 

temperature bias correction methods in elevated areas (Thornton et al., 2020). 

Precipitation and temperature variables were acquired from the Daymet Version 4 R1 

dataset through the GEE platform. Some preprocessing steps were applied before using these 

variables. For the temperature variable, daily average temperature was calculated using daily 

maximum and minimum air temperature at 2-meter height. The mean of these daily averages 

over one month prior to biomass sampling dates was computed. For the precipitation 

variable, daily total precipitation (sum of all forms converted to water-equivalent) was 

aggregated over the month before biomass sampling dates. The averaging temperature and 

summing precipitation for a period helped reduce the influences of short-term anomalies. 

Finally, both climatic variables were resampled before being input into the models.  

In Figure 3.6, box plots illustrate the 30-year (1993-2023) monthly averages of 

temperature and precipitation around the field sites located in UO-G02 and UO-K01 [(a) and 

(d)], NS-L02 [(b) and (e)], and MD-S08, MD-N02 and MD-C06 [(c) and (f)] farms. The highest 

variability in precipitation is observed between May and September, corresponding to the 

main growing season.  
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Figure 3.6. Monthly precipitation temperature variation over the 30-year period from 1993 to 2023. Each 
precipitation box represents the distribution of total precipitation for a specific month across all years, while 
each temperature box shows the distribution of the monthly average temperature, calculated as the mean of 
daily maximum and minimum temperatures over the same period. Panels (a) and (d), (b) and (e), and (c) and (f) 
represent the northern, central, and southern regions of the Prairie regions of Manitoba, respectively. 

3.3.7. Parametric Models  

In this research, parametric models were developed to investigate the relationship 

between the AGB of grasslands and predictor features. Two types of parametric regression 

models, including linear and exponential models, were used to estimate grassland AGB. In the 

first step, univariate regression models were constructed to build a relationship between 102 

AGB samples and remote sensing features. Secondly, after generating synthetic biomass 

samples (see section 3.3.2), multivariate regression models were used to compare parametric 

and machine learning approaches for a comprehensive biomass assessment using both 

environmental variables and VIs. The general forms of the linear and exponential regression 

models used in this study are shown in Equations (2) and (3), respectively. 

y = β0 + β1x1 + β2x2 + ⋯ + βnxn + ε                     (2) 

y = β0eβ1x1eβ2x2 … eβnxnεn                     (3) 

(a) 

(b) 

(c) (f) 

(e) 

(d) 
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Where y is grassland AGB; the independent variables are x1, x2, …, xi, β0, β1, β2…, βi 

represent the parameters of the model; and ε refers to the error term. 

Using a natural log transformation, it is possible to transform an exponential model to 

a linear one (Montgomery et al., 2021). The log model, as shown in Equation (4), helps to 

improve model fit and interpretation.   

ln(𝑦) = ln(β0) + β1x1 + β2x2 + ⋯ + βnxn + ε   (4) 

Ecological modelling extensively uses these models to study different functional 

relationships between predictor variables and biomass response (Bazzo et al., 2023; Wang et 

al., 2019; Zhao et al., 2014). They offer several advantages such as simplicity, stability, ease 

of implementation and interpretability. In addition, they are less exposed to overfitting and 

require fewer sample data to be trained (Wang et al., 2022). SciPy and Scikit-learn libraries in 

Python were used to construct parametric regression models.  

3.3.7.1. Outlier Detection   

In a regression analysis, certain data samples that differ significantly from the majority 

can lead to incorrect parameter estimates (Sullivan et al., 2021). Extreme observations that 

cannot be explained by the model are known as outliers (Montgomery et al., 2021). An outlier 

can occur in either x-space, y-space, or in both dimensions. To gain a deeper understanding 

of outliers, it is essential to differentiate between two types of observations. The first type is 

a leverage point, characterized by an unusual X value (i.e., an extreme predictor value), which 

may significantly affect various properties of the regression model. The second type is an 

influence point, defined by having both unusual X (predictor) and Y (response) values. An 

influence point has a significant impact on the coefficients of the regression model and pulls 

the fitted line toward itself (Montgomery et al., 2021). Leverage of points in a regression 

model is determined by calculating the hat matrix, as shown in Equation (5). The diagonal 

elements hii of the hat matrix are leverage values.  

𝐻 = 𝑋(𝑋′𝑋)−1𝑋′                  (5) 

Where X refers to the design matrix, containing the values of the independent variables 

(predictors). To avoid influential data points that have a disproportionate impact on the 

regression model's parameters, it is important to consider both the location of the point in 
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the predictor (X) space and its corresponding response (Y) value when measuring influence. 

Cook (1977) suggested a way to consider both the location of a point (i.e., in the X and Y 

direction) in measuring its influence. Cook’s distance formula is shown in Equation (6):   

𝐷𝑖 =
(𝑒𝑖

2)

𝑝.𝑀𝑆𝐸
×

ℎ𝑖𝑖

(1−ℎ𝑖𝑖)2       (6) 

Where Di is Cook's Distance for the i-th observation, ei is the residual for the i-th data 

point, hii is the leverage value for the i-th data point, MSE is mean squared error, and p refers 

to the number of parameters (including the intercept) in the regression model (Bates & Watts, 

1988).  

As Cook’s distance uses both the studentized deleted residual, which is sensitive to Y-

outliers, and leverage, which is sensitive to X-outliers, it is sensitive to both types of outliers. 

There are both benefits and disadvantages to this method. A single statistic allows users to 

easily pinpoint influential data points, while defining a clear significant cutoff threshold is 

challenging, and it is not possible to find all X-outliers (Sullivan et al., 2021).  

3.3.8. Machine Learning Models 

In the last two decades, biomass studies have experienced an increase in the 

application of machine learning models (Zeng et al., 2019). Three commonly used machine 

learning methods, including RF, support vector regression (SVR) and ANN, were used to 

predict biomass. Machine learning methods have shown their high-efficiency capacities for 

modelling complex, high-dimensional and collinear features (Cutler et al., 2007; Olden et al., 

2008). Machine learning algorithms, unlike statistical and empirical models, are non-

parametric, which means they do not assume the model to have some fixed form or 

parameters (Reichstein et al., 2019). This flexibility provides an advantage to them, especially 

over the traditional statistical methods, when the variables modelled are not independent of 

each other (Zeng et al., 2019). However, machine learning algorithms suffer from insufficient 

training due to underrepresented predictor variables and a tendency to converge on local 

optima, resulting in non-robust or overfitted models (Li et al., 2024; McGovern et al., 2019).  

RF, as an ensemble approach composed of a large set of decision trees (DTs) (Breiman, 

2001), has the ability to decrease bias and overfitting (Karlson et al., 2015). In the RF 

algorithm, two parameters should be determined by users. First, the number of trees (ntree) 
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in the regression model must be defined. For each tree, the algorithm constructs a bootstrap 

sample of the same size as the training set by randomly selecting observations from the 

training set with replacements. Because of replacements during the selection, some 

observations appear more than once in each bootstrap sample, resulting in about one-third 

of the original samples being typically left out. The data included in bootstrap samples are 

titled “in-bag” data, while excluded observations are known as “Out-of-Bag” (OOB) data 

(Figure 3.7).   

The second key parameter that should be defined in the RF algorithm is the number of 

features (mtry). At each node of the tree, mtry variables are randomly selected from the total 

number of features, and the optimal split is determined based on the lowest Gini Index (GI). 

All trees are grown using bootstrap samples, with random feature selection, and pruning 

turned off. To assess model performance, the algorithm computes the mean square error or 

OOB error by comparing predicted values made using the OOB data and the ‘in bag’ data. The 

estimate of OOB error provides an unbiased and reliable internal measure of the model’s 

predictive accuracy, since the OOB data are not used in training or pruning any regression 

trees in the ensemble. In this study, the model parameters were set to 300 trees (ntrees=300) 

and 9 features per split (mtry=9). The 70% of the total observations (approximately 650 

labelled points at each satellite sensor) were randomly selected to train the model and the 

remaining data were used to test the model.    
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Figure 3.7. Random forest (RF) components in the regression task during the training process. K 
bootstrap samples are produced using the training data, whereby, for each sample generated, an individual 
decision tree is built on a random subset of the features. Two-thirds (In-Bag) of each bootstrap sample is used 
for training and one-third (OOB) is used to test internal validation.  

SVR is an extension of SVM. SVR uses the same principle for addressing regression 

problems (Vapnik, 1999). However, unlike SVM, the idea of hyperplane and margin with a 

different definition is used in SVR (Rodríguez-Pérez & Bajorath, 2022). Margin in SVR refers to 

the model error tolerance, also known as the ε-insensitive tube, as shown in Figure 3.8. This 

tube allows slight deviations from the regression hyperplane not to count as errors. The ε-

insensitive region is the region around the hyperplane where deviations of data points are 

tolerated and not penalized in the SVR model (Rodríguez-Pérez & Bajorath, 2022). SVR utilizes 

kernel functions to project input data into high-dimensional feature spaces where linear 

relationships can be identified and exploited for the regression task (Zocca et al., 2017). The 

popular Radial Basis Function (RBF) kernel functions were tested in the study (Brereton & 

Lloyd, 2010). The performance of the SVR model heavily depends on the proper tuning of its 

hyperparameters, like loss function ε and penalty factor C (Wang et al., 2016). In addition, it 

is important to choose a proper kernel function. This study used the default configuration 

generated by the related Python library during model implementation. The study used the 

default configuration with the following parameters: the regularization parameter (C=100), 

the kernel coefficient in the RBF kernel (γ=0.1), and the margin of tolerance (ε=0.1). The 70% 
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of the total observations (approximately 650 labelled points at each satellite sensor) were 

randomly selected to train the model and the remaining data were used to test the model.    

 

Figure 3.8.  The support vector regression (SVR) with ε-tube. The central line represents the regression 
function, while the dashed line defines the ε-insensitive margin (ε-tube). If data points are placed inside the 
tube, they are not penalized during training.  

The ANN model was constructed using the TensorFlow library within the Python 

programming environment. This study involved the development of a multi-layer neural 

network comprising three fully connected hidden layers. The first, second, and third hidden 

layers comprise 64, 64, and 32 neurons, respectively. The quantity of neurons present in the 

input and output layers of an artificial neural network regression aligns with the number of 

input features and the singular target variable, which is AGB in the present analysis. Hidden 

layers utilize the ReLU activation function [Equation (7)], which is the closest to its biological 

counterpart (i.e., the manner in which actual neurons within the human brain fire if only the 

input is bigger than a given threshold) (Haykin, 1994; Zeng et al., 2021). Activation functions 

allow for modelling non-linear relationships (Figure 3.9). The ReLU function can be described 

mathematically and visually as follows:  

𝑅𝑒𝐿𝑈(𝑥) = max (0, 𝑥)               (7) 
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Figure 3.9. The ReLU activation function and its plot. Despite its simple form, ReLU’s non-linearity allows 
it to learn more complex data patterns between features. 

The ANN model is trained using the backpropagation step that is handled automatically 

by TensorFlow (Brownlee, 2016). The study assigned 70% of the total observations for the 

traning part. All input data were normalized using Min-Max scaling to maintain stable input 

distributions before the training process. The training input data were further split into 

subsets, including training and validation sets. The training set (70% of training input) 

contributed to adjusting the weights of neural networks, and the validation set (30% of 

training input) validated the training process. During training, the error decreases in the 

validation set before it rises after the network passes its optimal fit point. Training processes 

generally stop when the validation error finds its minimum point (Biship, 2007). The testing 

part (the 30% of the total observation), which was selected randomly, was used to assess the 

final generalization power of the trained model (Zeng et al., 2021). The number of total 

observations was approximately 650 labelled points at each satellite sensor that spliting into 

traning and testing sets was performed randomely. The ANN was trained for 100 epochs with 

a batch size of 32. Model performance during training and validation was monitored through 

the loss function (MSE).  

The regression models (i.e., parametric and machine learning methods) used in this 

investigation were implemented on the cloud-based Google Colab platform using the Python 

programming language. A variety of libraries, such as NumPy, pandas, GeoPandas, seaborn, 

scikit-learn, and TensorFlow, were used in the implementation of the models.  
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3.3.9. Model Assessment  

The study used principal component analysis (PCA), one of the most common 

dimension-reduction methodologies, to address the issues of correlated predictors in 

regression models. PCA projected features into a lower-dimensional space, maintaining as 

much original variance as possible in the process. It attains this by determining new 

orthogonal axes, known as principal components, which represent the directions of greatest 

variability in the data (Abdi & Williams, 2010). 

Mathematically, the transformation is a process in which the original data matrix X is 

projected onto a set of orthogonal vectors (eigenvectors) made up of a matrix W. The 

transformed data matrix Z is then obtained as shown in Equation (8): 

Z=XW      (8) 

Here, W has the eigenvectors of the covariance matrix of X and each eigenvector 

represents a principal component. The corresponding eigenvalues λ1, λ2, …,  λn  describe the 

variance described by each principal component, and they are arranged so that [Equation (9)]: 

λ1> λ2> …> λn       (9) 

After obtaining a smaller subset of the most important principal components, PCA 

successfully achieves dimensionality reduction while minimizing information loss (Abdi & 

Williams, 2010). 

Cross-validation is a statistical method of evaluating the generalization ability of 

predictive models, often as an alternative to data lacking in the required quantity. Instead of 

using the train-test split just once, cross-validation divides the data set into several subsets 

(also called folds) and trains and tests the model on each one of these subsets in turn. In the 

most applied form, the so-called k-fold cross-validation, the data is partitioned into k equally 

sized folds. The model is learned on k-1 folds and tested on the remaining one. This is done k 

times, and each fold is used as the validation set once. The final performance metric (e.g., R2, 

RMSE) can be calculated as the average across all k iterations (Hastie et al., 2009).  

Regression performance was evaluated using R2 or the coefficient of determination and 

RMSE on the test dataset, which had been split previously from the input data. R2 measures 
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how well the model explains the variability of the target variable, while RMSE quantifies the 

average difference between predicted and observed values [Equation (10-11)].  

R2 = 1 − ∑ (yi − ŷi)
2/ ∑ (yi − y̅i)

2n
i=1

n
i=1          (10) 

RMSE = √∑ (yi − ŷi)2/nn
i=            (11) 

Where yi, ŷi and y̅i refer to actual in-situ biomass value, predicted biomass value from 

the model and mean value of in-situ biomass, respectively.  

3.4. Results 

The histogram of AGB of grassland samples within each biomass range is shown in Figure 3.10. 

The histogram was also overlaid with a kernel density estimation (KDE) curve. The biomass 

data show a moderately right-skewed distribution, indicating the presence of more samples 

with mid-range biomass values and fewer samples with very low or very high values. 

 

Figure 3.10. Histogram distribution of AGB across validated grassland sampling points, overlaid with a 
kernel density estimation (KDE) curve. 

3.4.1. Grassland AGB Estimation Using In-situ Samples   

3.4.1.1. Parametric Models Using Vis as Predictors  

Initially, ten Sentinel-2 Level-2A images were selected based on minimal cloud cover 

and temporal proximity to field biomass sampling, in order to extract the selected VIs as 
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inputs for the VI-based regression models. A total of 102 grassland AGB samples were 

collected over six farms on different dates. To ensure temporal consistency with field 

samples, all images were acquired during the peak growing season (early to mid-July at this 

research), aligning with field harvests and representing a similar phenological stage. The 

statistical performance of univariate linear and exponential functions is illustrated in Table 

3.4.  The results indicated that, for most predictors, the exponential models were found to 

outperform the linear models, achieving higher R2 values. In linear models, the RVI predictor 

showed the best model performance with an R2 of 0.33, while the EVI predictor had the 

poorest performance (R2=0.20). There were minimal differences in R2 among the six indices 

for biomass estimation using the exponential model. GLA, RVI and PanNDVI explained 

biomass variance better than the other indices with an R2 of 0.31, while the lowest value was 

related to EVI with an R2 of 0.27.  

The Pearson and Spearman correlations are also shown in Table 3.4. Although the 

Pearson correlation assesses the linear relationships, the Spearman correlations evaluates 

monotonic relationships (whether linear or not). Linear regression findings were supported 

by the correlation values, where the highest Pearson correlation coefficient was achieved by 

RVI (0.58) and the lowest one was achieved by EVI (0.45). Additionally, the results indicated 

that in the cases where Spearman correlation was higher than Pearson correlation, the 

relationship between predictors and biomass was likely non-linear, and thus, the monotonic 

association was stronger than the linear one. For instance, NDVI and RDVI had the largest 

difference between Pearson and Spearman correlation coefficients, indicating that there was 

weaker linear correlation with biomass. In line with this, the two indices recorded greater 

increases in R2 for exponential models (0.08 and 0.07, respectively) compared to other 

predictors. 

Table 3.4. The coefficient of determination (R2) of univariate linear and exponential regression models 
for biomass estimation using the selected vegetation indices (VIs). 

Index 
R2 of Linear 

y = a +bx 

Pearson 

correlation (r) 

R2 of Exponential 

Ln(y) = a +bx 

Spearman 

correlation (ρ) 

NDVI 0.22 0.47 0.30 0.54 

EVI 0.20 0.45 0.27 0.46 

RVI 0.33 0.58 0.31 0.54 

RDVI 0.23 0.48 0.30 0.50 

GLA 0.30 0.54 0.31 0.55 



122 
 

PanNDVI 0.26 0.51 0.31 0.55 

* The p-value for all indices was less than 0.001. 

3.4.1.2. Ground-Truth Outlier Removal 

Since the parametric results showed that both linear and exponential models were not 

sufficiently effective in explaining the variability of the target variable, the poor performance 

might be attributable either to general model limitations or to a few influential outliers. The 

possible outliers might be due to either field-side issues, like geolocation mismatch and 

sampling errors, or remote sensing side issues, like mixed pixels and temporal mismatch. To 

analyze outliers, Cook’s distance was calculated for all pair-observations (i.e., VIs-Biomass 

pairs) used in the regression models to assess the presence of outliers in the datasets. 

Although there is no universally strict cutoff threshold for Cook’s distance, there are common 

“rules of thumb” widely used in practice (Sullivan et al., 2021). In this study, pair-observations 

with 𝐷𝑖 > 4
𝑛⁄  (i.e., 𝐷𝑖 > 0.04) were considered influential and removed. This value serves as 

a good threshold to find highly influential samples as outliers (Lee, 2025). Figure 3.11 shows 

the Cook’s distance values for all observations used in the linear parametric model with RVI 

predictor. It is important to note that the same outlier removal procedure was applied to all 

other vegetation index-based regression models. Approximately 10% of the 102 observation 

pairs were identified as outliers and removed from subsequent analyses.  
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Figure 3.11. Diagnostic plot of leverage and Cook’s Distance for the linear regression model using the RVI 
predictor (n = 102). The figure shows the scatter plot of Cook’s Distance versus leverage, with the common 
influence threshold (4/n) indicated by a dashed red line. Observations classified as influential (Cook’s D > 4/n) 
are highlighted in red and labelled by their observation index. Boxplots of Cook’s Distance values are shown 
along both graph axes. 

The results, provided in Table 3.5, show model performance metrics for both situations: 

with and without outliers. The findings indicated that after removing outliers, similar to the 

previous step, exponential models generally outperformed linear models. However, an 

exception was found in RVI and GLA when the linear regression performed better with the 

R2=0.50 and 0.48, respectively, compared with the corresponding 0.41 and 0.37 in the 

exponential models. Among the linear models, the GLA-based regression showed the largest 

increase in R2 after outlier removal, with an improvement of 0.18, followed by RVI with an 

increase of 0.17. In the exponential models, when outliers were removed, the exponential 

NDVI model performed the best, resulting in an R2 of 0.53 compared to its previous value of 

0.30. The most improved models following NDVI were those based on EVI-, RDVI-, and 

PanNDVI features, with the increase in R2 of 0.20, to the final values of 0.47, 0.50, and 0.51. 

These results indicated that removing outliers substantially enhanced model performance, 
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particularly for indices better suited to non-linear relationships with biomass (e.g., NDVI, 

RDVI, PanNDVI), whereas linear models remained more effective for indices like RVI and GLA 

Table 3.5. The comparison between parametric linear and exponential models using vegetation indices 
(VIs) with/without outlier samples. 

Index 

Without Outliers With Outliers 

R2 of Linear* 
y = a +bx 

R2 of Exponential 
Ln(y) = a +bx 

R2 of Linear* 
y = a +bx 

R2 of Exponential 
Ln(y) = a +bx 

NDVI 0.37 0.53 0.22 0.30 

EVI 0.34 0.47 0.20 0.27 

RVI 0.50 0.41 0.33 0.31 

RDVI 0.38 0.50 0.23 0.30 

GLA 0.48 0.37 0.30 0.31 

PanNDVI 0.40 0.51 0.26 0.31 

* The p-value for all indices was less than 0.001. 

3.4.1.3. Parametric Models by Biomass Proxy 

The capability of the Biomass Proxy was also evaluated using linear and exponential 

regression models to estimate grassland AGB. Since time-series data of the Biomass Proxy 

during the growing seasons from 2019 to 2023 were available for all sample points, 

parametric regression models were developed between biomass measurements and the 

Biomass Proxy using various temporal offsets from the sampling dates. As shown in Figure 

3.12, the linear and exponential models under different scenarios regarding time offset were 

evaluated, both with and without outlier inclusion.  

The findings demonstrated that in linear regression with the Biomass Proxy variable, 

the model with outliers obtained an increase in R2 from 0.18 to 0.26, while the model without 

outliers showed a greater increase in R2 from 0.21 to 0.40 as the offset dates of the Biomass 

Proxy shifted from 0 to -7 days. Similarly, in the exponential regression model, R2 increased 

from 0.24 to 0.38 with outliers and from 0.46 to 0.61 without outliers over the same temporal 

shift.  

Overall, these results indicate that a seven-day offset before the harvest date was 

optimal for both regression types, yielding the highest performance in biomass estimation. 

Meanwhile, when compared to all the other VI-based models, the exponential Biomass Proxy 

model with a seven-day offset and without outliers had the largest R2 value of 0.61 compared 

to the rest of the linear and non-linear models. This indicates the substantial effectiveness 
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and reliability of the Biomass Proxy in estimating grassland AGB with temporally optimized 

conditions.

 

Figure 3.12. Coefficient of determination (R2) for linear and exponential regression models between 
Biomass Proxy and in-situ data at different temporal offsets with/without outliers considered.  

3.4.2. High-Temporal Biomass Prediction 

The limited in-situ biomass measurements impact the accuracy of developing a reliable 

prediction model using machine learning, which is highly needed to improve modelling 

generalization and stability. To fully assess grassland AGB within the study area throughout 

various years, the use of training data acquired during periods of growth in several years is 

necessary. Using the Biomass Proxy time-series data for the years ranging from 2019 to 2023, 

it was possible to generate new biomass samples consistent with satellite observations at 

various dates. Among linear and exponential regression models developed using Biomass 

Proxy variables, the exponential model with a seven-day offset from (i.e. prior to) the harvest 

date performed best and was thus used to produce synthetic biomass [Equation (12)]: 

𝐵𝑖𝑜𝑚𝑎𝑠𝑠 = 20.224 × 𝑒3.58×(𝐵𝑖𝑜𝑚𝑎𝑠𝑠 𝑃𝑟𝑜𝑥𝑦)     (12) 

Figure 3.13 shows the daily variation of synthetic biomass, calculated using Equation 

(12), across six farms, from UO-K01 in northwestern PE of Manitoba to farm MD-C06 in 

southeastern PE of Manitoba, during the growing season over five years. This study focused 

on the last three years of the period, i.e. 2021-2023, to estimate biomass, due to data 
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limitations. The green curve represents the average produced biomass of multiple locations 

shown by grey curves within each farm, as well as the average daily precipitation of the same 

locations. The plots showed that 2021 recorded the lowest peak biomass in all sites, 

highlighting the impact of that year’s drought conditions. In contrast, the biomass peak 

comparisons between 2022 and 2023 varied by location, indicating that geography played a 

role in the peak biomass level. As shown in Figure 3.13, northern sites such as UO-K01 and 

UO-G02 exhibited higher biomass peaks in 2022 compared to both 2021 and 2023. In 

southern sites, including MD-S08, MD-N03, and MD-C06, there was little to no difference in 

biomass peaks between 2022 and 2023. In the NS-L02 site, between the northern and 

southern groups, the 2022 biomass peak was slightly higher than that of 2023.  
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Figure 3.13. Temporal variation of synthesized biomass values during the growing seasons from 2019 
to 2023 at the locations of all biomass samples across six fields (the site ID at the top left of each plot 
corresponds to the geographic position of the site as shown in Figure 3.3), produced using the Biomass Proxy 
predictor. Daily precipitation is also presented in the second Y-axis. 

3.4.3. Grassland AGB Estimation Using Synthetic Samples 

These produced grassland biomass samples were used to train the biomass models 

based on remote sensing features and environmental variables. Remote sensing features 

extracted from PlanetScope (3 m), Sentinel-2 (10 m) and Landsat 8-9 (30 m) were tested 

separately. The study period was limited to the years 2021–2023, as PlanetScope imagery was 

only purchased for these years, despite the sensor being operational from 2019 onward. 

Approximately 90 images were individually collected from every sensor within the 2021–2023 

growing seasons over the target fields. The number of images can be considered as the 

number of field observations on different dates. Since continuous in-situ biomass 

measurements were generated using Biomass Proxy, it was possible to assign biomass 

samples to each observation with a temporal offset to the image acquisition date. Around 

650 new biomass samples were produced for these observations. 

3.4.3.1. Parametric Models by VIs and Environmental Variables  

Figure 3.14 shows the heatmap of Pearson correlation (r) between grassland AGB with 

spectral bands of PlanetScope, VIs, elevation (DEM), precipitation (Prcp) and temperature 

(Temp) and correlations among the predictors themselves. The correlation coefficients 

showed that VIs predictors had the highest correlation with AGB (GLA, PanNDVI, and RVI had 

the three highest correlations with r = 0.74, 0.73, and 0.71, respectively), indicating that 

remote sensing features provided a good characterization of the grassland AGB. The  
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elevation feature had a positive correlation with grassland AGB, with r = 0.47, which indicated 

that grassland AGB at higher elevations increased. Among meteorological variables, the 

correlation of AGB with precipitation was higher than that with temperature (r = 0.26 and 

0.23, respectively). 

 

Figure 3.14. Pairwise Pearson correlation (r) between grassland AGB with spectral bands of PlanetScope, 
vegetation indices (VIs), elevation (DEM), precipitation (Prcp) and temperature (Temp). 

According to correlation values between grassland AGB and the explanatory variables 

and correlation between predictors with themselves, a series of feature combinations were 

designed, and the results are shown in Table 3.6. Different feature groups were engineered 

due to their strong correlation with biomass and low inter-correlation between themselves 

(e.g., pairs of “PanNDVI, RDVI”, “NDVI, RDVI”, “NDVI, EVI” and “GLA, RDVI”). The impact of 

environmental variables was also tested by including and excluding them from models. The 

last model incorporated all features for AGB estimation. Regarding exponential regression 

models, only the models that included all features and those features that achieved the 

highest performance in linear models were tested.  

The results demonstrated that the performance of the model increased with the 

addition of environmental variables. From a simple model using only PanNDVI and RDVI 
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(R2=0.49, RMSE=51.82), adding topographical (DEM) and climatic variables (precipitation and 

temperature) improved predictive efficiency (R2=0.53, RMSE=49.82). Among the models 

testing different pairs of VIs alongside environmental variables, Model No. 9 (GLA, RDVI, DEM, 

precipitation, temperature) with R2=0.62 and RMSE=44.96 indicated the best performance 

for biomass estimation. The best model (Model No. 10), which included all VIs and 

environmental variables, explained the biomass with R2=0.65 and the lowest RMSE of 43.24. 

Overall, these results emphasize the necessity of combining both spectral and environmental 

features to enhance a grassland AGB prediction. In exponential models, Model No. 11: (GLA, 

RDVI, DEM, precipitation, temperature) reached R2=0.60 and RMSE=45.94, while for Model 

No. 12 (all features) R2=0.64 and RMSE=43.82. 

Table 3.6. The performance of linear regression with different combinations of predictors extracted from 
PlanetScope using synthesized biomass samples (n=668). 

Models Variables R2 RMSE 

Linear 

No. 1 PanNDVI, RDVI 0.49 51.82 

No. 2 PanNDVI, RDVI, DEM 0.53 49.82 

No. 3 PanNDVI, RDVI, Prcp 0.51 51.04 

No. 4 PanNDVI, RDVI, Prcp, Temp 0.57 47.68 

No. 5 PanNDVI, RDVI, DEM, Prcp, Temp 0.61 45.75 

No. 6 NDVI, RDVI 0.47 53.28 

No. 7 NDVI, RDVI, DEM, Prcp, Temp 0.59 46.41 

No. 8 NDVI, EVI, DEM, Prcp, Temp 0.59 46.49 

No. 9 GLA, RDVI, DEM, Prcp, Temp 0.62 44.96 

No. 10 NDVI, EVI, RVI, RDVI, GLA, PanNDVI, Prcp, Temp, DEM 0.65 43.24 

Exponential 

No. 11 GLA, RDVI, DEM, Prcp, Temp 0.60 45.94 

No. 12 NDVI, EVI, RVI, RDVI, GLA, PanNDVI, Prcp, Temp, DEM 0.64 43.82 

According to the correlation matrix (Figure 3.15), VIs achieved the strongest positive 

correlations with grassland AGB among different predictor groups. Among the VIs, the highest 

correlations were observed with GLA (r=0.70), NDVI (r=0.70), RVI (r=0.71), and PanNDVI 

(r=0.68), all confirming the high relevancy value of these indices to biomass estimation. EVI 

(r=0.53) and RDVI (r=0.45) also made a moderate contribution. Besides the spectral indices, 

the environmental variables of DEM (r=0.43) and precipitation (r=0.27) were also moderately 

correlated with AGB, whereas the temperature (r=0.05) was weakly correlated. Such results 

demonstrate the importance of the use of VIs and some of the environmental characteristics 

for predicting the amount of grasslands, and that the thoughtful choice of informative 
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variables can contribute toward improving model accuracy, especially when using the 

Sentinel-2 data. 

 

 

Figure 3.15. Pairwise Pearson correlation (r) between grassland AGB with spectral bands of Sentinel-2, 
vegetation indices (VIs), elevation (DEM), precipitation (Prcp) and temperature (Temp). 

According to correlation analysis, some feature combinations, similar to the 

PlanetScope, were tested to estimate grassland AGB with different variables. Table 3.7 

demonstrates a series of regression models based on VIs and environmental variables in the 

form of linear and exponential regression types. In the linear models, simpler combinations 

such as NDVI and EVI or RVI and EVI yielded only moderate results (R2=0.52). However, 

including topographic (DEM) and climatic variables (precipitation and temperature) greatly 

enhanced the accuracy of the models; Model No. 6, which incorporated NDVI, EVI, Prcp, Temp 

and DEM, attained an R2 of 0.60 and an RMSE of 46.44. The best linear model (Model No. 7) 

that used six VIs, as well as climatic and topographic variables, had the best accuracy with 

R2=0.64 and RMSE=44.05. The exponential regression models demonstrated similar trends; 

Model No. 9 represented the best linear model at R2 = 0.65, only with a slightly lower RMSE 

value.  
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Table 3.7. The performance of linear regression with different combinations of predictors extracted from 
Sentinel-2 using synthesized biomass samples (n=628). 

Models Variables R2 RMSE 

Linear 

No. 1 NDVI, EVI 0.52 50.64 

No. 2 RVI, EVI 0.52 50.62 

No. 4 RVI, EVI, DEM 0.54 49.80 

No. 5 RVI, EVI, Prcp, Temp 0.55 48.81 

No. 6 RVI, EVI, Prcp, Temp, DEM  0.60 46.44 

No. 7 NDVI, EVI, RVI, RDVI, GLA, PanNDVI, Prcp, Temp, DEM 0.64 44.05 

Exponential 

No. 8 RVI, EVI, Prcp, Temp, DEM 0.55 49.24 

No. 9 NDVI, EVI, RVI, RDVI, GLA, PanNDVI, Prcp, Temp, DEM 0.65 43.29 

Finally, Landsat imagery with a spatial resolution of 30 m was used to estimate 

grassland AGB. Figure 3.16 illustrates the heatmap of Pearson correlation between the same 

VIs (derived from Landsat bands), climatic variables and DEM. The findings showed that the 

biomass values were strongly related to most features, with only a few exceptions. Notably, 

the intercorrelation among the VIs features themselves was comparatively low. Among the 

VIs, RVI (r=0.75) and RDVI (r=0.71) had the strongest correlations with biomass, whereas 

others, like EVI (r=0.25) and GLA (r=0.63), showed relatively weaker associations. 

Precipitation (r=0.16) and temperature (r=0.09) demonstrated weak correlation with AGB.  
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Figure 3.16. Pairwise Pearson correlation (r) between grassland AGB with spectral bands of Landsat 8-9, 
vegetation indices (VIs), elevation (DEM), precipitation (Prcp) and temperature (Temp). 

Similar to previous parts, based on correlation analysis, some feature combinations 

were planned, and the results were provided in Table 3.8. The model's performance gradually 

increased with the further addition of environmental variables and VIs. The baseline model 

of RDVI and RVI (Model No. 1) in the linear models had an R2 of 0.56. Incorporation of 

topographic information (DEM) in Model No. 2 marginally increased R2 to 0.59, and again, the 

incorporation of climatic variables (precipitation and temperature) gave a moderate increase. 

The highest scoring linear model (Model No. 6) that used all six VIs (NDVI, EVI, RVI, RDVI, GLA 

and PanNDVI), precipitation, temperature, and DEM had an R2 of 0.65 and the lowest RMSE 

of 44.88. In a similar way, exponential models were improving as the number of variables 

increased. The model with the complete set of predictors, Model No. 8, achieved the highest 

overall performance with R2=0.63 and RMSE=42.64, which was slightly lower than its linear 

version. The residuals of linear and exponential models with all features across the three 

dataset types are demonstrated in Figure 3.A1 in the Appendix of this chapter.  

Table 3.8. The performance of linear regression with different combinations of predictors extracted from 
Landsat 8-9 using synthesized biomass samples (n=668). 

Models Variables R2 RMSE 
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Linear 

No. 1 RDVI, RVI 0.56 46.46 

No. 2 RDVI, RVI, DEM 0.59 44.84 

No. 4 RDVI, RVI, Prcp, Temp 0.57 46.24 

No. 5 RDVI, RVI, Prcp, Temp, DEM 0.60 44.83 

No. 6 NDVI, EVI, RVI, RDVI, GLA, PanNDVI, Prcp, Temp, DEM 0.65 40.88 

Exponential 

No. 7 RDVI, RVI, Prcp, Temp, DEM 0.50 49.83 

No. 8 NDVI, EVI, RVI, RDVI, GLA, PanNDVI, Prcp, Temp, DEM 0.63 42.64 

The coefficients of linear parametric models for three types of data were provided in 

Table 3.9. Coefficient values were calculated for either all predictors or a subset of predictors, 

according to their Pearson correlation, used as input variables in linear models. The finding 

showed that there was multicollinearity with VIs. For instance, the negative NDVI coefficient 

in Model No. 10 of PlanetScope or Model No. 6 of Landsat 8-9 was unexpected, as NDVI 

generally has a positive relationship with biomass. The findings also showed that feature 

selection based on Pearson correlation was effective in reducing redundancy among 

predictors. However, in Sentinel-2 models, multicollinearity was present, indicated by 

inconsistent coefficient signs, e.g., the negative sign of the EVI coefficient in Model No. 6, 

although they have a known positive correlation with biomass. 

Table 3.9. Coefficient estimates of linear regression models for PlanetScope, Sentinel-2 and Landsat 8-9 
datasets, based on either all predictors or a selected subset. 

Coefficients Variables 
PlanetScope Models Sentinel-2 Models Landsat 8-9 Models 

No. 9 No. 10 No. 6 No. 7 No. 5 No.6 

β1 NDVI  -779.7847  832.9711  -635.7270 

β2 EVI  433.6310 -73.1311 -459.7050  792.9314 

β3 RVI  -3.6873 17.1295 19.9653 12.41253 3.0094 

β4 RDVI 166.4121 -474.2372  276.3474 186.4609 -822.5910 

β5 GLA 304.2763 374.3171  32.6466  248.1179 

β6 PanNDVI  568.7491  -591.3950  366.4547 

β7 Prcp 0.47379 0.44048 0.604181 0.23249 0.03826 0.00022 

β8 Temp 3.9129 3.2679 -0.15852 0.00773 0.45158 0.03877 

β9 DEM 0.103246 0.09115 0.179682 0.19180 0.11435 0.14312 

3.4.3.2. Machine Learning Models by VIs and Environmental Variables 

Grassland AGB estimation using machine learning approaches demonstrated higher 

predictive performance than parametric approaches. Three machine learning algorithms of 

RF, SVR and ANN were used on datasets from three satellite sensors, such as PlanetScope, 

Sentinel-2, and Landsat 8-9 (Table 3.10). Across all model combinations, RF and SVR 
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consistently performed better than ANN in terms of R2 and RMSE, though ANN demonstrated 

more stable generalization when cross-validation was used. Among the three sensors, 

Sentinel-2 and PlanetScope had better predictive performance than Landsat 8-9, as indicated 

by metric values, like R2 and RMSE.  

In the case of PlanetScope data (n = 663), the RF model performed the best with R2 = 

0.88 and RMSE = 24.88, followed by SVR (R2 = 0.83) and ANN (R2 = 0.78). ANN, however, 

exhibited the best generalization since its R2 increased to 0.82 in 4-fold cross-validation. The 

elimination of climatic and topographic factors (Prcp, Temp, and DEM) significantly reduced 

the performance of all three algorithms. The sharpest decrease in performance was observed 

in the SVR model with PlanetScope, with R2 decreasing to 0.48 (Δ= -0.35) and RMSE increasing 

to 52.66. These findings show the high sensitivity of environmental parameters on the 

accuracy of biomass prediction using PlanetScope images. 

The best overall performance of models was observed in Sentinel-2 (n = 628). SVR 

obtained the best R2 value (0.90) among all the sensors with the least RMSE of 21.73, whereas 

RF and ANN had R2 values of 0.88 and 0.80, respectively. However, these models also 

experienced the effect of the omission of environmental predictors. For instance, SVR 

experienced a large drop from 0.90 to 0.60 and a significant increase in RMSE (21.73 to 43.64). 

Although Sentinel-2 showed the highest test set performance, its SVR model’s K-fold cross-

validation R2 ( 0.85) was slightly lower than that of PlanetScope (0.80), indicating that the test 

accuracy could have been influenced by advantageous data partitioning and that model 

generalization was slightly less consistent. Landsat 8-9 (n = 668) showed slightly lower R2 

values than PlanetScope and Sentinel-2 but remained highly predictive. RF achieved an R2 of 

0.87, and ANN came second with 0.84, and SVR attained 0.82. Similar to the other sensors, 

removing precipitation, temperature, and elevation negatively affected performance. For 

example, RF’s R2 dropped from 0.87 to 0.72, and SVR declined from 0.82 to 0.59. For Landsat 

8-9, all models attained lower k-fold R2, indicating that their test R2 results were less reliable. 

The residuals of these nine models are demonstrated in Figure 3.A2 in the Appendix of this 

chapter. 
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Table 3.10. The performance of random forest (RF), support vector machine (SVR) and artificial neural 
network (ANN) models using various optical remote sensing sensors such as PlanetScope, Sentinel-2 and Landsat 
8-9 in estimating grassland AGB.  

Sensor Models Predictors R2 RMSE 
R2 K-Fold 

(k=4) 

PlanetScope 
(n = 663) 

RF 
All features 0.88 24.88 0.84 

All features without Prcp, Temp and DEM 0.60 45.97 0.64 

SVR 
All features 0.83 30.12 0.80 

All features without Prcp, Temp and DEM 0.48 52.66 0.52 

ANN 
All features 0.78 34.55 0.82 

All features without Prcp, Temp and DEM 0.55 48.73 0.61 

Sentinel-2 
(n = 628) 

RF 
All features 0.88 23.96 0.86 

All features without Prcp, Temp and DEM 0.71 37.11 0.68 

SVR 
All features 0.90 21.73 0.85 

All features without Prcp, Temp and DEM 0.60 43.64 0.48 

ANN 
All features 0.80 30.74 0.82 

All features without Prcp, Temp and DEM 0.69 38.18 0.66 

Landsat 8-9 
(n = 668) 

RF 
All features 0.87 25.35 0.81 

All features without Prcp, Temp and DEM 0.72 36.84 0.72 

SVR 
All features 0.82 29.37 0.78 

All features without Prcp, Temp and DEM 0.59 44.86 0.54 

ANN 
All features 0.84 27.12 0.80 

All features without Prcp, Temp and DEM 0.69 38.23 0.64 

The other solution to address multicollinearity in a regression model with correlated 

predictors is to use PCA. In this study, the first m principal components were determined by 

the criterion of explaining 95% of total variance, as opposed to a fixed number of components. 

As shown in Figure 3.10 and Table 3.11, the PCA-based dimensionality reduction aligned 

closely with the correlation-based feature selection used in the parametric models. The 

derived linear regression models with PCA showed moderate predictive accuracy (R2 ≈ 0.60), 

which was comparable to the performance of linear models using selectively chosen VIs (R2 = 

0.60-0.62). These results indicate that, even though PCA can be used to enhance data 

structure and alleviate the problem of multicollinearity, the linear models might not be 

adequate to capture the complex and possibly non-linear nature of the relationships between 

remote sensing variables and grassland biomass. Machine learning methods were better at 

handling multicollinearity than parametric models, as they maintained high predictive 

performance even with correlated features. For instance, the R2 of RF models was around 

0.87, which was close to the performance of models using all original predictors. Different 
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sensors attained slightly different component counts based on their redundancy level among 

predictors. For example, Landsat only needed six to explain 95% of the variance. According to 

Table 3.11, the contribution of different components to explaining the target variable 

indicated that most of variability was captured by the first two components, while the last 

one accounted for the least.  

Table 3.11. Principal components analysis (PCA) for the random forest (RF) and the linear regression 
models created using PlanetScope, Sentinel-2 and Landsat 8-9 data.  

Data Type / Model R2 
Number of PCA 

components 
Explained variance ratio per component 

PlanetScope / RF 0.87 
4 [0.641 ; 0.141 ; 0.112 ; 0.054] 

PlanetScope / Linear 0.61 

Sentinel-2 / RF 0.88 
5 [0.612 ; 0.143 ; 0.111 ; 0.080 0.031] 

Sentinel-2 / Linear 0.62 

Landsat 8-9 / RF 0.86 
6 

[0.518 ; 0.157 ; 0.115 ; 0.094 ; 0.059 ; 
0.024] Landsat 8-9 / Linear 0.60 

The importance of different features used in machine learning methods can be 

calculated using the MDI metric. Nine driving variables, including the climatic factors and 

optical variables [Figure 3.17 (a)] showed the greatest importance in the AGB estimation and 

jointly contributed 98%, whereas the topographical factor contributed 2%. Notably, among 

the nine driving variables, PanNDVI (42%) and GLA (16%) exhibited prominent importance 

and jointly contributed 55% of the spatial AGB variation. For the remaining driving variables, 

Temp and Prcp had a relatively high importance rating of 15% and 8%, respectively. Based on 

the importance ratings of predictors within each specific category [Figure 3.17 (b)], VIs, 

climatic variables and DEM contributed 75%, 23%, and 2%, respectively, to the estimation of 

AGB. 
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Figure 3.17. Predictor importance of modelling of grassland AGB across six fields in the Prairie Ecozone 
(PE). (a) Importance of nine driving variables individually and (b) within categories.  

The relationship between observed and estimated AGB of diffe.rent models is shown 

in Figure 3.18 and Figure 3.19 using scatter plots, with the 1:1 reference line (red dashed), 

indicating perfect agreement. Generally machine learning models demonstrated tighter 

clustering around the 1:1 line than parametric models. Paramedic models tend to show more 

systematic bias, meaning stronger underestimation or overestimation than machine learning 

algorithms. Among all scatter plots, PlanetScope data and SVR and RF models exhibited a 

tighter clustering around the 1:1 line, indicating precision and consistency of AGB estimates 

as compared to Sentinel-2 and Landsat 8-9. 

   

   

Figure 3.18. Relationship between observed and estimated AGB using parametric (linear and 
exponential) models based on PlanetScope, Sentinel-2 and Landsat 8-9 optical data: (a) linear-PlanetScope, (b) 
exponential-PlanetScope, (c) linear-Sentinel-2, (d) exponential-Sentinel-2, (e) linear-Landsat 8-9, and (f) 
exponential-Landsat 8-9. 
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Figure 3.19. Relationship between observed and estimated AGB using machine learning [random forest 
(RF), support vector regression (SVR) and artificial neural network (ANN)] models based on PlanetScope, 
Sentinel-2 and Landsat 8-9 optical data: (a) RF-PlanetScope, (b) SVR-PlanetScope, (c) ANN-PlanetScope, (d) RF-
Sentinel-2, (e) SVR-Sentinel-2, (f) ANN-Sentinel-2, (d) RF-Landsat 8-9, (e) SVR-Landsat 8-9, and (f) ANN-Landsat 
8-9. 

The study used RF as a robust and high-performing model across all satellite datasets 

to generate maps of grassland AGB at the field level. In Figure 3.20, AGB maps based on three 

sensors, PlanetScope, Sentinel-2, and Landsat 8-9, are shown around the same date to make 

it possible to visually compare the spatial resolution and biomass distribution. The finer 

resolution of PlanetScope allows detailed spatial patterns of biomass distribution, while 

coarser resolutions lead to increasingly generalized representations.
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           (a)                             (b)               (c) 

 

 



141 
 

 

 



142 
 

 

Figure 3.20. Maps of grassland AGB estimated using the random forest (RF) model with input data from (a) PlanetScope, (b) Sentinel-2, 

and (c) Landsat 8-9, acquired at different locations and dates. 
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3.5. Discussion 

This chapter assessed the capacity of various remote sensing data and regression 

models for estimating grassland AGB in the Prairie region of Manitoba. The study examined 

the contribution and effectiveness of six well-known VIs, climatic variables (e.g., precipitation 

and temperature), and elevation in estimating grassland AGB by incorporating them as input 

features in both parametric and non-parametric predictive models. Several important 

observations emerged from the analysis, which are discussed in the following sections. 

Before removing outliers, the R-squared values for both linear and exponential models 

were low, which indicated that the vegetation index predictors were weak in predicting 

biomass. However, the predictors were statistically significant (p <0.001). This could be 

because noisy observations were used in univariate regression models. The removal of 

outliers significantly improved the predictive accuracy of predictors, particularly NDVI, RDVI 

and PanNDVI exponential models. Univariate analysis revealed that exponential models were 

better than linear models in estimating biomass using most vegetation index predictors, 

suggesting a non-linear relationship between spectral indices and AGB. Nevertheless, some 

predictors, like RVI and GLA, had linear behaviour regarding biomass. The RVI-based linear 

model achieved the highest R2 among other VIs, either with or without outliers. These 

findings, which highlight the effective role of the NDVI predictor for modelling biomass, is 

congruent with previous reviews, which performed well in biomass estimation. Gao et al. 

(2013) developed unitary linear, exponential and power regression models using MODIS-

NDVI, indicating the exponential model with R2 of 0.66 achieved the best performance. F. Li 

et al. (2013) reported that the univariate linear regression model with NDVI predictor (with 

R2=0.50) outperformed EVI (R2=0.32) and soil adjusted vegetation index (MSAVI) (R2=0.31), 

while linear model with RVI and land-surface water index (LSWI) predictors achieved slightly 

higher performance (R2 = 0.50 and 0.54, respectively).  

It was also discovered that the Planet Biomass Proxy was validated as a reliable product 

for biomass estimation. All VI-based models were outperformed by exponential regression 

using Biomass Proxy data shifted by seven days prior to biomass sampling, which yielded the 

highest R2 value (0.61). This could be because the property of the Biomass Proxy, showing a 

fused index of SAR and optical data, was superior at tracking vegetation dynamics. Due to the 

freshness of the Biomass Proxy product, scholars have not yet assessed effectively the effects 
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of the product on grassland AGB. Guillevic et al. (2024) evaluated the relationship between 

Biomass Proxy and fresh biomass of corn and soybean, showing a strong correlation between 

crop fresh biomass and Biomass Proxy (R2 = 0.90 and 0.68, respectively). 

Extracting the spectral indices corresponding to in-situ biomass measurements had 

some obstacles due to atmospheric conditions (e.g., cloud and aerosol) and temporal 

resolution that reduced the observations capability. These limitations avoid having a 

consistent temporal interval between all remote sensing data (i.e., VIs) and biomass samples. 

For example, in the study, the temporal distance ranged between 1 and 11 days. On the other 

hand, Planet Biomass Proxy, which offers a daily, cloud-free, analysis-ready product, allows 

users to select any temporal interval between Biomass Proxy and in-situ measurements, such 

that the interval remains uniform for all observations. The findings showed that if the Biomass 

Proxy product had an interval of seven days with in-situ measurements, it delivered the 

highest correlation with in-situ data. This may be due to inconsistency between the pixel size 

on the ground and the in-situ biomass sample size, which prevents the pixel value of Biomass 

Proxy from properly representing the in-situ sample. Biomass Proxy also suffers from 

saturation due to the use of optical index in its structure (Guillevic et al., 2024); thus, obtaining 

data a few days before peak biomass might decrease the saturation effects and build a 

stronger relationship.  

To fully understand the dynamics of grassland biomass, it is essential to collect in-situ 

data throughout the entire growing season, which represents the grassland AGB during this 

period.  However, collecting grassland samples over several years and multiple locations is 

expensive and time-consuming. For training and validation of machine learning models and 

having robust and reliable results, the availability of comprehensive, seasonally 

representative ground-truth data is critical. In addition, multi-year data let the research 

determine inter-annual variability in AGB owing to environmental drivers. Transfer learning 

(Pan & Yang, 2010), data augmentation (Shorten & Khoshgoftaar, 2019), simpler models (Xu 

et al., 2023), and regularization techniques (Tian & Zhang, 2022) are solutions to the issues 

faced by limited data. Generating synthetic biomass data using Biomass Proxy from its strong 

relationship with in-situ biomass samples allows us to populate biomass samples for a longer 

period (2019-2023) at different locations. Climatic variables such as temperature and 

precipitation from the studied days/years improve the multi-temporal AGB prediction by 
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capturing how precipitation influences biomass dynamics, which is vital for detecting inter-

annual variability in AGB in response to climate (Ali et al., 2017). Although synthetic data were 

not entirely like real data because they were the result of a regression that explained 61% of 

the real biomass variation, they were qualitatively similar to real data, covering the dynamics 

of grassland biomass, such as seasonal growth patterns and interannual variability. 

The multivariate parametric models’ results using synthetic biomass samples indicated 

that when all features, such as VIs and environmental factors, were included, the overall 

performance of the models was improved. In multivariate linear regression models, Landsat 

8-9 and PlanetScope showed a slightly higher performance (R2=0.65) than Sentinel-2 

(R2=0.64). In multivariate exponential regression, however, the trend was the opposite, with 

Sentinel-2 returning the best results (R2=0.65), with Landsat 8-9 and PlanetScope close behind 

(R2=0.64). When selected predictors were used, linear models outperformed exponential 

models for all satellite data, showing a 0.02 to 0.10 unit difference in R2. This is likely because 

the variable selection was based on Pearson matrix information, which reflects linear 

relationships and is better aligned with linear regression modelling. In parametric regression 

models, multicollinearity occurs when predictors are highly correlated with each other, which 

can affect the reliability and interpretation of the regression results. Multicollinearity inflates 

the standard error of coefficient estimates, thereby reducing the reliability of the model. The 

other consequences are the sensitivity of the coefficient estimates to small changes, and 

difficulties in interpreting the fitted coefficient of each independent variable (Montgomery et 

al., 2021; Neter et al., 1983). To avoid multicollinearity, the predictors that showed a high 

correlation with biomass and did not exhibit high correlations among themselves were 

selected based on their correlation matrix. If variables had a Pearson correlation above 0.9, 

they were assumed to share overlapping information and were thus considered collinear. For 

instance, with PlanetScope data, several variable selections were designed, such as pairs of 

“PanNDVI and RDVI”, “NDVI and RDVI”, “GLA and RDVI” and “NDVI and EVI” alongside the 

environmental features, that combination of GLA and RDVI and environmental features 

achieved the highest performance (R2=0.62). The same strategy was applied to Sentinel-2 and 

Landsat 8-9 data to build regression models with approximately independent variables. 

Predictors “RVI and EVI”, and “RDVI and RVI”, extracted from Sentinel-2 and Landsat 8-9 data, 

respectively, alongside the environmental features, were selected for further regression 
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analysis. The PCA dimensionality reduction technique was also used alongside the correlation-

based feature selection approaches to handle correlated features in linear regression. The 

results showed that the average R2 of PCA methods (≈0.61) supported the results of the 

correlation-based feature reduction method (≈0.61).  

Although parametric models offered valuable insights, they struggled to handle the 

complex and non-linear relationships present in the data. Ge et al. (2018) demonstrated that 

SVR regression model outperformed multivariate parametric models such as linear and 

exponential regressions. Ali et al. (2017) compared parametric models to machine learning 

models using five VIs and two raw bands (Red, NIR) extracted from MODIS products, and the 

results indicated that ANN (R2=0.63, 0.59) and adaptive neuro-fuzzy inference system (ANFIS) 

(R2=0.85, 0.76) produced better estimations of biomass compared to multiple linear 

regression (R2=0.39, 0.29) at two locations. The findings of this study also supported the 

previous research; based on Table 3.10 and Table 3.6-3.8, machine learning methods 

developed a higher performance in biomass estimation with lower error. RF method showed 

constant high performance across three sensors’ datasets (R2 ranging from 0.87 to 0.88 and 

RMSE ranging from 23.96 to 25.35). However, SVR and ANN had more fluctuations in their 

results among different data types. SVR was also effective and maintained its reliability even 

when the source of input features changed. With Sentinel-2 data, SVR models achieved R2 

values as high as 0.90, highlighting their strong predictive capability. A comparative study was 

conducted by Qin et al. (2021) to compare VI models for estimating fresh AGB using Sentinel-

2 and Landsat. Their findings showed that generally, VI models using Sentinel-2 data built 

stronger relationships with AGB and achieved higher R2 compared to those using Landsat 8. 

Their results may also be extended to VI models using PlanetScope, as its spectral bands (i.e., 

Blue, Green, Red and NIR) in the new generation satellite Cubes are specially designed to 

match the spectral bands of Sentinel-2 (PlanetScope | Planet Documentation, 2025). ANN did 

moderately well, but their R2 values were generally lower than the other algorithms, likely 

because ANN requires more data and careful tuning of hyperparameters (Bergstra & Bengio, 

2012). When all features were included (i.e., VIs and environmental variables), the ANN model 

with Landsat 8-9 data achieved better test-set results compared to PlanetScope and Sentinel-

2 data. This might be attributed to the lucky partitioning of training and test sets for Landsat 

data and less favourable splits for the others. For instance, the k-fold cross-validation revealed 
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that the averaged performance of the ANN model with Sentinel-2 data was slightly lower than 

with other sensors (0.80 vs. 0.82). Similarly, the strong performance of the SVR model with 

Sentinel-2 (R2=0.90 on the test set) may have been overestimated, as its k-fold result was 

notably lower (R2=0.85), indicating less stable generalization across data splits. Meanwhile, 

the study experienced no significant changes due to various spatial resolutions of satellite 

data in biomass estimation. 

The AGB prediction improved when incorporating climatic variables such as 

precipitation and temperature, as well as elevation data, alongside VIs; this indicated that VIs 

alone were insufficient for capturing the full spectrum of biomass changes. This prediction 

performance was observed in both parametric and machine learning regression models. In 

parametric models, although correlation values between biomass samples and climatic 

variables varied due to differences in image acquisition times, the relationship direction 

remained positive, with low magnitude when temperature correlations ranged from 0.05 to 

0.23, and precipitation correlations ranged from 0.16 to 0.27, and this can be distinct for 

different grassland types and locations. Wu et al. (2023) found that average grassland (AGB) 

in temperate grasslands of China increased with an increase in mean annual precipitation 

(MAP) and decreased with a rise in mean annual temperature (MAT). In alpine grasslands, 

there were strong positive correlations between AGB and MAP as well as MAT. In PlanetScope 

Model No. 9 and Landsat 8-9 Model No. 5, both of which had a relatively low multicollinearity 

and could be interpreted, the elevation coefficient was approximately 0.10, whereas the 

temperature coefficient was about ten times larger than that of precipitation. This implies 

that in these models, temperature variation can influence biomass change more than 

precipitation, while precipitation has a higher individual correlation with biomass. In machine 

learning models, after adding all the features, the R2 values for RF, SVR and ANN experienced 

an increase of 0.28, 0.35 and 0.23 for PlanetScope data, which were greater than those of 

their corresponding methods with other sensors. Removing precipitation, temperature, and 

DEM caused the R2 value to decrease from 0.87 to 0.29 in the Landsat 8-9-based model and 

from 0.90 to 0.60 in the Sentinel-2-based model. Because of these declines, it was apparent 

that these factors were valuable for the environment and could explain the distribution of 

biomass related to climate change and landforms. The impact on these features changed by 

satellite, as image dates and the way data were matched with the environment were not the 
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same everywhere. Thus, studying multiple types of environmental data with remote sensing 

helped strengthen remote sensing features for biomass interpretations and to obtain a 

deeper ecological understanding. The importance of the driving variables, both individual and 

category, is demonstrated in Figure 3.17, showing that environmental variables explain 25 

percent of the grassland AGB. Among them, temperature and precipitation contributed 15% 

and 8%, respectively, while the importance rate of DEM was 2%. However, the highest 

contribution was dedicated to VIs predictors, with an importance value of 75%. The 

importance values of diverse VIs were not the same; some of which, such as PanNDVI (42%) 

and GLA (16%), showed higher importance, while RDVI (4%) and NDVI (3%) contributed less.  

3.6. Conclusion 

This research aimed to introduce a methodology for grassland biomass estimation 

using various remote sensing data, including PlanetScope, Sentinel-2 and Landsat 8-9 and 

regression models such as parametric and machine learning models. Firstly, various univariate 

linear and exponential regressions between a limited number of in-situ data and optical 

predictors like VIs and Biomass Proxy were made. Among VIs models, NDVI exponential 

regression achieved the best performance with R2 of 0.53. However, Biomass Proxy, the 

combination of radar and optical indices, showed a higher R2 (0.61). Outlier removal using 

Cook’s distance stopped influential points from negatively affecting the regression models. 

Its effect on NDVI and Biomass Proxy were a rise of 0.16 and 0.22 in R2. 

In the second stage, the synthetic biomass samples were used to build multivariate 

parametric and machine learning models to predict biomass. VIs and environmental features 

across 2021-2023 were used as input variables in parametric models. When all variables were 

involved, three sensor types showed approximately similar performance for linear and 

exponential regression with R2 around 0.64. However, by removing some correlated VIs 

features, linear regression (R2=0.60-0.62) outperformed exponential regression (R2=0.50-

0.60).  

Machine learning models with the same features showed better results than 

parametric models. SVR and RF got the highest accuracy among all the sensors and were able 

to reduce RMSE, reaching a maximum R2 of 0.90 and a minimum RMSE of 21.73. The RF 

method performed very well across different data types, and the PCA results indicated that 
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the RF models were effective in handling multicollinearity. It was also observed that 

environmental variables (temperature, precipitation and elevation) were effective in machine 

learning models’ performance and removing them resulted in significant drops in R2 and 

increases in RMSE, which confirmed these variables are key to estimating AGB. Meanwhile, it 

was found through feature importance that different VIs played varying roles. Both NDVI and 

PanNDVI (together 58% importance) were key components, whereas RDVI and RVI (together 

7% importance) played a small role, meaning that choosing the right VIs by considering their 

spectral features and the attributes of the data is necessary to build solid models. 
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3.7. Appendix  

Table 3.A1. The Pearson (r) and Spearman (ρ) correlations between biomass samples (n =102) and various 
vegetation indices (VIs) extracted from Sentinel-2 sensors. 

Index Formula* 
Pearson 

correlation (r) 
Spearman 

correlation (ρ) 

ARVI (NIR−2×R+B)/(NIR+2×R−B) 0.47 0.55 

BGND (G−B)/(G+B) 0.47 0.36 

BNDVI (NIR-B)/(NIR+B) 0.50 0.52 

Cigreen  CIG = RE4/ G – 1 0.54 0.52 

Cirededge  RE4/ RE1 - 1 0.48 0.49 

Clg RE1/G -1 0.07 0.00 

Clr RE3/RE1 -1 0.48 0.48 

DVI  NIR−R 0.46 0.47 

EVI 2.5×((NIR−R)/(NIR+6×R−7.5×B+1) 0.45 0.46 

EVI2 2.5×(NIR−R))/(1+NIR+2.4×R) 0.48 0.49 

ExB 1.4×B−G -0.42 -0.35 

ExG 2×G−R−B 0.42 0.49 

ExGR ExG−ExR 0.43 0.53 

ExR 1.4×R−G -0.42 -0.53 

G_R G – R 0.41 0.51 

GBNDVI (NIR-(G+B))/( NIR+(G+B)) 0.50 0.53 

GLA (2×G−R−B)/(2×G+R+B) 0.54 0.55 

GNDVI (RE4 – G)/( RE4 + G) 0.47 0.52 

GRNDVI  (NIR-(G+R))/( NIR+(G+R)) 0.49 0.55 

GRVI G/R 0.54 0.57 

IPVI NIR/(NIR+R) 0.49 0.50 

MGRDI (G2−R2)/(G2+R2) 0.52 0.57 

MSAVI (1/2)×(2×(RE4+1)-sqrt((2×RE4+1)2-8×(RE4-R))) 0.49 0.51 

MTCI  (RE2 – RE1)/(RE1 -R) 0.26 0.25 

NDVI (NIR-R)/(NIR+R) 0.47 0.54 

NDVIre1 (NIR – RE1)/( NIR + RE1) 0.42 0.49 

NDVIre2 (NIR – RE2)/( NIR + RE2) 0.24 0.23 

NDVIre3 (NIR – RE3)/( NIR + RE3 ) -0.23 -0.29 

NGRDI (G−R)/(G+R) 0.53 0.57 

NIR_G NIR/G 0.54 0.52 

NIRv (NIR – R)/( NIR + R)×NIR 0.48 0.49 

OSAVI (NIR−R)/(NIR+R+0.16) 0.48 0.53 

OSAVI2  1.16×(NIR – R)/( NIR + R + 0.16) 0.48 0.53 

PanNDVI (NIR-(R+G+B))/( NIR+(R+G+B)) 0.51 0.55 

PSRI (NIR-RED)/sqrt(NIR+RED) -0.38 -0.49 

RBNDVI (NIR-(R+B))/( NIR+(R+B)) 0.50 0.55 

RDVI (NIR−R)/sqrt(NIR+R) 0.48 0.50 

RGBVI (G2− B×R)/(G2+B×R) 0.54 0.55 

RVI NIR/R 0.58 0.54 

RVI2 R/NIR -0.44 -0.54 

SAVI [(NIR−R)/(NIR+R+0.5)].(1+0.5) 0.48 0.50 

TVI 0.5×(120×(NIR - G) - 200×(R - G)) 0.46 0.47 

VARI (G−R)/(G+R−B) 0.52 0.56 

* RE, NIR, R, B, G stands for Red Edge, near infrared, Red, Blue, Green 

https://www.indexdatabase.de/db/i-single.php?id=128
https://www.indexdatabase.de/db/i-single.php?id=131
https://www.indexdatabase.de/db/i-single.php?id=169
https://www.indexdatabase.de/db/i-single.php?id=63
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Figure 3.A1.  Residual distribution of predicted versus ground-estimated AGB for six models (a-f), 
corresponding to the linear-PlanetScope, exponential-PlanetScope, linear-Sentinel-2, exponential-Sentinel-2, 
linear-Landsat 8-9, and exponential-Landsat 8-9 

   

   

   

Figure 3.A2.  Residual distribution of predicted versus ground-estimated AGB for six models (a-i), 
corresponding to the RF-PlanetScope, SVR-PlanetScope, ANN-PlanetScope, RF-Sentinel-2, SVR-Sentinel-2, ANN-
Sentinel-2, RF-Landsat 8-9, SVR-Landsat 8-9, and ANN-Landsat 8-9 
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4. OVERALL SYNTHESIS   

4.1. Study Findings and Implications 

Research on grassland ecosystems, specifically monitoring grassland using remote 

sensing, is limited in the Canadian Prairies as a primary location of grassland species. 

Distribution of different grassland types, such as native, tame and mixed grasses, across 

Manitoba’s Prairie regions are a dynamic phenomenon due to interior (e.g, soil, moisture, 

geography) and exterior (e.g., anthropogenic pressure and climate variability) factors that 

need to be evaluated timely for a large area. From economic and ecological aspects, it is 

essential to provide a reliable mapping approach to determine the area and location of tame 

and native grasses (Pinna et al., 2024).  

The analysis carried out in Chapter 2 indicated that vegetative indices (VIs) obtained 

from satellite imagery and topographic variables (e.g., elevation, slope and aspect) can 

effectively distinguish the three primary categories of grassland. The study developed a new 

AI-based hierarchical strategy to improve machine learning classification robustness and to 

prevent other land cover classes from being included in the final grasslands mapping, which 

can potentially generate errors. Multi-source remote sensing data, including microwave 

(Sentinel-1 sensor) and optical (Sentinel-2 and Landsat 8 and 9 sensors) images, were tested, 

and the best combination was Sentinel-1+Sentinel-2 in land use and grassland classification. 

To include phenological growth information in the models, multi-temporal data were 

collected across the Prairie area (around 69,000 km2) during the growing season using the 

Google Earth Engine (GEE) platform. Multi-temporal compositions were used to effectively 

distinguish between different types of grassland. Three well-known machine learning 

methods, like random forest (RF), support vector machine (SVM), and gradient tree boosting 

(GTB) were implemented on GEE to map grassland types (e.i., native, tame and mixed) in 

three ecoregions, including the Aspen Parkland, the Lake Manitoba Plain and the Southwest 

Manitoba Uplands. The RF model achieved the highest classification performance, with an 

overall accuracy (OA) of 72.62% and a kappa value of 0.58. GTB performed slightly lower than 

RF, while SVM was weaker in comparison. A part of the classification accuracy improvement 

came from feature selection done using analysis of variance (ANOVA), which identified 

significant features by comparing the means of different groups. The listing of features 

according to their scores from higher to lower also showed that optical features (like spectral 
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bands and VIs) outperformed SAR features (like VV and VH) in all classifier models. Around 

28% of the total Prairie region in Manitoba consisted of grasslands, with a combination of 

53.18% tame, 25.69% native, and 21.13% mixed grasses. The study also revealed that the Lake 

Manitoba ecoregion contains the greatest amount of native grasses, primarily concentrated 

around Lake Manitoba. The application of the fusion technique was also assessed in mapping 

grasslands when it was not feasible to use multi-temporal data. Finally, a web map was 

created to show grassland results within the Soil Landscapes of Canada (SLC) polygons, 

relating soil landscapes to grassland distribution and providing valuable information for 

decision-makers and researchers.  

In Chapter 3, the research aimed to analyze one of the most important and challenging 

biophysical parameters of grassland, namely aboveground biomass (AGB), using the most 

available remote sensing data and various AI models. AGB is a key indicator of vegetation 

health, productivity, and carbon storage (Asam et al., 2015). There are only a few studies that 

used remote sensing data to estimate Canadian grassland AGB. This study aimed to propose 

a comprehensive methodology for biomass estimation in the Manitoba Prairie region using 

different sensor types and models. Because of the limited ground truth data, Planet’s Biomass 

Proxy product, which has daily temporal resolution, was used to generate synthetic biomass 

samples using an exponential regression model across the growing season of the years 2021-

2023. Three remote sensing data, such as PlanetScope, Sentinel-2 and Landsat 8 and 9 

(Landsat 8-9), were utilized in biomass estimation models, like parametric (linear and 

exponential regression) and machine learning models [RF, support vector regression (SVR) 

and artificial neural network (ANN) regression]. The results indicated that machine learning 

approaches significantly outperformed traditional parametric models, particularly when VIs 

were combined with climatic (precipitation and temperature) and topographic [digital 

elevation models (DEM)] predictors. SVR and RF models achieved the highest predictive 

accuracies, with R² values up to 0.90. The inclusion of environmental variables enhanced 

model performance significantly, with R2 improvements ranging from 0.11 to 0.35 across 

various models and sensors. Dimensionality reduction using principal component analysis 

(PCA) further helped in handling multicollinearity, which can inflate R-squared values in 

regression models. The results indicated that RF models outperformed linear parametric 

models in addressing this issue. Cross-validation (k-fold) confirmed that high R2 values in some 
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test-set splits could be due to favourable data partitioning, with cross-validation scores 

offering more reliable estimates of model generalizability. For instance, ANN models using 

Landsat data achieved the highest R² among the three sensors; however, their k-fold R² values 

indicated lower performance compared to the others.  

The results highlight the strength of advanced machine learning models in biomass 

modelling in the presence of multicollinearity and data heterogeneity. Among different 

models, RF offered a robust and high-performing model for grassland biomass estimation, 

while among the different data sources, PlanetScope with 3 m spatial resolution produced 

the most detailed biomass maps. Although coarser-resolution satellite imagery such as 

Landsat 8–9 also achieved high performance, it was more suitable for larger farm-scale 

applications. The advantage of the integration of environmental variables demonstrates the 

need for climatic context in remote sensing-based models of productivity. The findings of the 

comparison of sensors imply that operational biomass monitoring programs can be 

customized according to the sensor availability, budget, and size of the project without losing 

much in terms of accuracy. Lastly, the validated framework highlights the necessity of cross-

validation. 

4.2. Study Recommendations 

Although this study represents a pioneering effort in monitoring grassland distribution, 

area, and biomass in the Canadian Prairies of Manitoba using remote sensing approaches, 

several recommendations can help improve future research in remote sensing-based 

grassland evaluation. First, increasing the number of field samples at different phenological 

stages of grass and over multiple years would provide a more representative understanding 

of grassland conditions. A larger sample size enhances the statistical robustness of models 

and offers a more realistic depiction of on-ground variability. Second, incorporating additional 

influential variables, such as soil type, more detailed meteorological parameters, and 

biophysical indicators like leaf area index (LAI) and canopy height, could significantly improve 

model accuracy.  

Unmanned aerial vehicles (UAVs) or drones are also suggested to measure and 

estimate the biophysical parameters (e.g., canopy height and vegetation cover) or provide 

high-resolution ground truth information at the field scale (Dusseux et al., 2015; Schellberg 
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et al., 2008). Observations with the use of UAVs may be an effective way to fill in the gap 

between the satellite-based and field-based measurements, providing more spatial detail and 

more accurate biomass estimation models. In the future, it may be of interest to investigate 

the application of advanced deep learning models, which have been extremely promising in 

identifying complex spatial and temporal relationships in remote sensing data, including 

Convolutional Neural Networks (CNNs) (Kattenborn et al., 2021). These models have the 

potential to surpass the traditional machine learning algorithms in that they automatically.  

The combination of Synthetic Aperture Radar (SAR) and optical remote sensing data in 

biomass estimation should be investigated in the future. Different multi-polarization data can 

be explored for biomass estimation. The individual sensor types have their own advantages. 

SAR is good at giving structural information and is not affected by cloud cover, whereas optical 

data is good at capturing spectral vegetation properties. The complementary nature of these 

data sources can be taken advantage of by using the combination of these data sources to 

overcome the weaknesses of each data source separately (Koch, 2010). With ongoing 

developments in sensor technologies, multisensor fusion will probably serve as the key 

element in operational biomass monitoring systems. 

The research datasets were not evenly collected across the growing season or over 

multiple years for all fields where biomass samples were taken. Therefore, it is advised to 

conduct field campaigns across multiple time points within the growing season, which would 

enable capture of seasonal variability and the detection of abrupt changes (e.g., stress or 

disturbance events) across different landscapes and grassland types. 
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