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ABSTRACT 
 
 

Grasslands provide numerous ecological services, including, but not limited to, carbon 
capture and storage, and wildlife habitat for numerous species including pollinators, domestic 
ungulates, wild herbivores, and their predators. Grasslands account for more than 40% of Earth’s 
terrestrial surface and offer one of the most valuable land cover types, having the greatest 
diversity of grazing animals and predators on Earth. These grasslands serve as one of the largest 
reservoirs for terrestrial carbon, amounting to 10-30% of total world soil carbon (Hewins et al., 
2018; Scurlock and Hall, 1998). Establishing carrying capacities of grasslands based on data, in 
both wildlife management and agricultural settings, is fundamental in grassland ecosystem 
management. However, ground observation of grassland biomass resources can be costly, time 
consuming, and is very limited in terms of scale, both spatially and temporally. Numerous 
remote-sensing applications have emerged to address the need for grassland biomass production 
data, with satellite-derived vegetation indices being the most widely implemented due to their 
wide variety of applications and the accessibility of free spectral imagery via federal agencies 
such as the U.S Geological Survey (USGS). Currently, there is no universal empirical model 
using statistical relationships between biomass and vegetation indices (VI), making custom-fitted 
models necessary for biomass estimation. Statistical analysis is limited by inadequate reference 
data and vulnerabilities to atmospheric factors. Results of multiple studies show strong 
correlations between field measured biomass and satellite-derived VI’s. However, correlation 
strength depends on matching the best VI, or multiple VI’s, to the land cover characteristics in 
question, coupled with validation tools and methodologies on the ground. Therefore, to explore 
the feasibility and accuracy of a site-specific biomass estimation model, I chose a privately 
owned ranch in eastern Montana for sampling and tested for combinations of indices that were 
best correlated with ground biomass measurements. I used several vegetation indices to compare 
the accuracy of univariate and multivariate modeling techniques for modeling above ground 
biomass. A multivariate model using the normalized difference vegetation index (NDVI), the 
enhanced vegetation index (EVI) and a native/introduced pasture classification variable arose as 
the model with the greatest predictive power for biomass estimation. This model accounted for 
57% of the variation in response and was accurate to within 352.7 lbs/acre. My study lays out 
real-world applications for tailoring VIs to the application requirements of measuring biomass in 
an eastern Montana grassland coupled with ground validation. The methods in this study serve as 
a framework for fitting custom models to other grasslands under management. 
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1. INTRODUCTION 

Background of Biomass Estimation 

The major rangeland types of the world are grasslands, desert shrublands, savanna 

woodlands, forests, and tundra; each type has its own unique plant associations. Grasslands are 

marked by the dominance of plants within the Gramineae family and are relatively free of woody 

plants. These are the subset of rangelands focused on within my study.  

Remotely sensed information of terrestrial plant growth is extremely useful for 

environmental management, biodiversity monitoring, conservation, agriculture, and forestry 

applications (Campbell, 2011). These types of data are applied to agricultural crop management, 

or precision agriculture, as it has been termed. This technology has only been 30 years in 

development (Xue and Su, 2017). Precision agriculture  sometimes called “prescription farming” 

or “variable rate technology”, consists of applications and technologies aimed at increasing the 

efficiency of resource use. These technologies have not been widely applied to rangeland or, 

more specifically, grassland management, and those that have been developed for public use are 

not designed to remotely quantify rangeland/grassland resources such as above ground biomass 

production (ground validation is still needed). Above ground biomass  represents current 

growing season organic matter resulting from plant photosynthetic activity. Global carbon 

cycling hinges on this photosynthetic activity (Zhou et al., 2021). The need for ongoing ground 

validation of above ground biomass  greatly reduces the feasibility of adoption for grassland 

managers due to labor and monetary constraints. 

For example, the Rangeland Analysis Platform (RAP) (Rangelands App, 2022) provides 

annual and 16-day above ground biomass  estimates across the United States from 1986 to 
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present. Estimates are provided over broad regions using a process-based model for which 

traditional error metrics are not available. Alternatively, the estimates are compared to three 

other national scale datasets for accuracy. Due to the scale and validation method of the RAP, the 

results are not intended for the quantification of rangeland resources, determining thresholds, or 

to evaluate the effectiveness of management practices, all necessary features of PA. They are, 

however, useful for monitoring change and provide indicators of ecosystem trends over time.  

Most of the present research and development in PA has been directed at arable crops 

rather than grasslands. This is likely due to the economic superiority per acre in production of 

commercial crops compared to milk and beef production in less desirable climate conditions, 

even though the latter is a substantial portion of agricultural land under management and 

contributes greatly to total agricultural capital and income in the U.S. (Jurgen et al., 2008).  

Precision focused technologies could provide major economic and environmental benefits 

through better grassland management decisions (Schellberg, 2007).  

 

Applications for Remote Sensing in Agricultural Grassland Management 

 

Practical applications of remotely sensed PA data could include variable rate grazing 

treatments, variable stocking rate and livestock nutritional supplementation recommendations. 

Grassland growth-rate monitoring and feed-on-offer projections (ratio of total above ground 

biomass that is available for livestock grazing) could also greatly increase decision making 

confidence for managers. Animal husbandry can benefit strongly from PA technology and is 

strongly linked to grassland utilization (Jurgen et al., 2008). Free access to visible and 
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multispectral data products, such as those from the Landsat satellite suite, removes cost 

prohibitive obstacles that prevent advancements in grassland management. Platforms such as 

Australia’s Pastures from Space consortium, which can predict feed-on-offer to within 73% 

accuracy using Landsat sensors have greatly advanced grazing management practices in 

Australia and is free to use (Edirisinghe, 2004). Other online tools provide biomass forecasts 

(e.g., Grass-Cast, https://grasscast.unl.edu/ Peck et al., 2019), and, in a few select locations, 

standing herbaceous biomass across the growing season (e.g., RangeSAT, 

https://www.rangesat.org/). In other management uses, data are collected at the end of a grazing 

season and used retrospectively to assess management outcomes and inform decisions in future 

years or to track changes over time (Janson et al., 2022). More specifically, biomass residual 

vegetation data and utilization rates by livestock would be useful metrics gathered at the 

conclusion of a growing season. 

 Other potential applications include tracking changes in productivity over time. Satellite 

observation data are available dating to the 1970s when the normalized difference vegetation 

index (NDVI) was developed. Adjusted for rainfall, these data may provide insight into overall 

ecosystem sustainability trends over the last 40+ years and inform land managers of the long-

term effects of their management practices. Photosynthetic activity driving above ground 

biomass  is a sensitive indicator of ecological function, resilience and environmental shifts 

(Segoli et al., 2008). It is also an indicator of hydrologic function, resistance to erosion 

degradation, and carbon cycling.  
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2. INDICES FOR REMOTE SENSING ANALYSIS 

Vegetation Indices 

A vegetation index (VI) is defined as the arithmetic combination of two or more spectral 

bands related to vegetation characteristics (Xue & Su et al., 2017). VI’s are used for vegetation 

classification, phenologic monitoring and the biophysical derivation of radiometric and structural 

vegetation parameters. 

 

NDVI 

The normalized difference vegetation index is the most widely used VI; it was developed 

by Rouse Jr. et al. (1974), and can be expressed as:  

 

NDVI = (NIR - R) / (NIR + R) (Equation 1) 

 

NDVI represents the normalized ratio between the red (R) and near infrared bands (NIR) (Rouse, 

1974). NDVI is sensitive to green vegetation and photosynthetic activity, even at low canopy 

cover, and can be used to measure canopy growth or vigor and leaf area. NDVI is known to 

saturate in dense biomass stands, is sensitive to soil brightness and color factors, and like all 

VI’s, is sensitive to cloud cover and shadow. Garonna et al. (2009) found that atmospheric 

contaminants primarily affected NDVI estimates in wet climates and seasons and had less impact 

in dry climates and seasons. The result of soil and atmospheric interactions is for the reduction of 

one to often increase the other (a negative correlation between NDVI and soil brightness) 
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(Garonna et al., 2009). Because of these relationships, NDVI is more suited to biomass 

estimation in semi-arid regions. Indices like the Soil-Adjusted Vegetation Index (SAVI) have 

been proposed to correct for these soil and atmospheric effects where characteristics warrant. 

Alternatively, a feedback mechanism has been introduced that contains a parameter which 

corrects for soil and atmospheric effects simultaneously; this parameter is the Enhanced 

Vegetation Index (EVI) (Xue & Su, 2017).  

 

EVI 

 

EVI, like NDVI, is correlated with the “greenness” of the vegetation canopy which is an 

indicator of vegetative activity. However, EVI is more sensitive in areas with dense vegetation 

and corrects for some atmospheric conditions. EVI can be expressed as follows:  

 

EVI = G * ((NIR - R) / (NIR + C1 * R – C2 * B + L)) (Equation 2) 

 

which includes near infra-red (NIR), red (R) and blue (B) band values corrected by the 

atmosphere. “L” represents a soil adjustment parameter which corrects for canopy background. 

“C” values are coefficients for atmospheric resistance (Landsat Missions, 2022). 

The soil adjustment factor, “L” in the EVI can make it sensitive to topographic conditions. 

Matsushita et al. (2007) recommended that topographic effect, meaning the change in radiance 

that comes with a change in orientation from a horizontal to an inclined surface, be removed in 

the reflectance data before EVI is calculated over rough terrain. It is unknown how influential 
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this topographic effect is when estimating biomass via EVI and its effect beyond the scope of 

this research but could be a topic of further study. Additionally, the effectiveness of EVI in 

varying climates for biomass estimation seems to be less documented than NDVI. 

 

Moisture Indices 

NDMI 

The Normalized Difference Moisture Index (NDMI) describes the water stress level, or 

water content, of vegetation and is calculated as follows:  

 

(NIR - SWIR) / (NIR + SWIR) (Equation 3) 

 

which uses near infrared (NIR) and short-wave infrared (SWIR) bands (Landsat Missions, 2022). 

A model combining NDMI and NDVI has previously been used to monitor bare soil expansion 

and soil wetness change under drought conditions (Rahman, 2019). It has also used for 

measuring live fuel moisture content in wildfire danger monitoring (Costa-Saura et al., 2021). 

NDMI has also been used in conjunction with NDVI and EVI in monitoring post-disaster 

recovery in mangrove areas (Tickman et al., 2021). Additionally, NDMI and NDVI patterns have 

been used in land surface temperature studies (Sarif et al., 2020).  
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3. TECHNIQUES FOR REMOTE SENSING BIOMASS ANALYSIS 

 

Models for the estimation of above ground biomass via satellite remote sensing data are 

generally empirical in nature. Empirical models use statistical relationships between biomass and 

vegetation indices (Tucker, 1997). Statistical analysis based on vegetation indices is the most 

common method for biomass estimation, but is limited by inadequate reference data and 

vulnerability to atmospheric factors, such as cloud cover (Chao et al., 2019).  

 Machine learning algorithm models have also emerged as a very accurate alternative to 

more traditional statistical modeling techniques. One study used high accuracy surface modeling 

(HASM), which is a machine learning approach for above ground biomass modeling and found 

that this technique reproduced the spatial distribution characteristics of the biomass well and was 

able to predict above ground biomass to within 85% accuracy; performing better than other 

algorithm-based, machine learning models such as the support vector machine or random forest 

machine learning models (Zhou et al., 2021). Grassland biomass production is influenced by 

many factors such as terrain, climate factors, and soil properties and HASM has been 

successfully applied to incorporate these parameters to surface simulations. Zhou et al. (2011) 

incorporated climate (temperature, precipitation and solar radiation), terrain, and vegetation 

index as model input parameters and effectively reproduced the spatial distribution 

characteristics of above ground biomass . 

The moisture factor is a critical component of above ground biomass  production, but 

models combining vegetation indices with moisture index values for biomass estimation 

purposes are not well studied. NDVI has been used in studies as a factor of vegetations effect on 
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land surface temperature for post-disaster recovery and drought assessments (Ticman et al., 

2021; Karnieli et al., 2010). Inversely, moisture indices such as NDMI are not commonly used in 

models to predict biomass. There may be opportunities in modeling biomass production more 

accurately by accounting for vegetation moisture content, as this is strongly correlated with 

productivity (within reasonable parameters).  

 

Considerations in Grassland ABG Model Development  

 

The heterogeneity of grasslands, within and among fields, is considered a significant 

constraint to precision grassland agriculture development and application. For example, the 

application of remote sensing techniques remains difficult on native grassland that is diverse in 

species composition, plant spacing, color and morphology compared to a single crop which 

exhibits distinct and consistent canopy characteristics. Understanding this heterogeneity would 

better enable the implementation of PA where competitive and cost efficient (Jurgen et al., 

2008).  

When using hyperspectral remote sensing data for biomass estimation, the issue of high 

data dimensionality arises, making carefully designed research and modelling very important. 

Many observations are required to achieve adequate predictability in a highly dimensional space, 

such as species rich grasslands in agriculture production. This can lead to poor understanding of 

the correlation among individual variables and how changes in one variable are associated with 

changes in other variables (Clevers et al., 2007). This can result in poor prediction results 

compared to models with fewer explanatory variables. Thus, selecting models with a suitable 
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number of explanatory variables to appropriately account for grassland heterogeneity is 

important. 

Contributing to the difficulty of understanding grassland above ground biomass  

estimation, contrasting the defoliation of the swath for silage and hay, grazing animals create 

spatial patterns of grazed biomass that continuously change throughout the grazing year. 

Palatability of forage, season of use, vicinity to water, fencing infrastructure and ruminant 

species, age, behavior, and stage of production all have an effect on how a grassland will be 

used.  These dynamics have considerable effects on spatial heterogeneity of grasslands which 

adds a layer of complexity when attempting to model and predict the effects of these dynamics 

(Rook et al., 2004). These inherent constraints of accurate modeling and predictions for PA 

applications within agricultural grasslands also mark the need for more precise management of 

this valuable resource. Where there is variability, precision is necessary.  

To explore the feasibility and accuracy of a site-specific biomass estimation model, I 

studied a privately owned ranch in eastern Montana for sampling and testing the combination of 

remotely sensed vegetation indices that are best correlated with ground measurements. I am 

familiar with the many livestock/grassland management dynamics at play across the study area 

which enabled me  to custom fit the most appropriate input parameters to account for the 

heterogeneity inherent within this grassland agricultural operation. 
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4. PROJECT OBJECTIVES 

 

The objectives of my study are to: 1) collect above ground biomass  reference data on a 

ranch in eastern Montana; 2) compare satellite-derived vegetation indices and moisture indices 

and combinations thereof with respect to their correlation to the reference data; 3) explore 

statistical approaches for estimating above ground biomass  based on satellite-derived imagery; 

and 4) review approaches for increasing the adoption of remote sensing technology by rangeland 

managers for above ground biomass  estimation. 

 

 

5. MATERIALS AND METHODS 
 
 

Study Area 
 
 

The study area is a 9,500 acre, privately owned ranch located west of the town of Ekalaka in 

Carter County, Montana (Figure 1). The ecological site description encompassing the study area 

is descriptive of dense clay sites receiving 10-14 inches of annual precipitation 

(websoilsurvey.org). The rolling rainfall prior to sampling, conducted in July of 2021, was only 

6.56 inches from July 2020 to June 2021 according to nearby AgACIS weather stations labeled, 

MIZPAH 4 NNW, MT and Ekalaka, MT (AgACIS.org). This was approximately 46% of 

average rainfall for the area compared to long-term averages (14.79 inches) (Figure 2).  
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Figure 1. Study area in Carter County, southeastern Montana. 
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Figure 2. Rolling rainfall of study year. Long-term average based on 30-year dataset. 
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The topography and soil types across the study area vary, with a distinct difference 

between the northern and southern portions of the study area. The northern half is predominantly 

comprised of unfarmed native range with diverse topography and species composition and ash 

tree lined drainages (Figure 3). Primary species composition includes sand dropseed (Sporobolus 

cryptandrus), blue grama (Bouteloua gracilis), needle and thread (Hesperostipa comata), 

western wheatgrass (Elymus smithii), buffalograss (Bouteloua dactyloides), prairie junegrass 

Figure 3. North section soil map. Each color denotes a distinct soil type as well as topographical 
variability. 
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(Koeleria macrantha), sandberg bluegrass (Poa sandbergii) and fringe sagebrush (Artemisia 

frigida). The northern half has much greater variability in soil type, depth, and productivity than 

the southern portion of the study area (Figure 4).  

Figure 4. South section soil map. Each color denotes a distinct soil type as well as topographical 
variability. 
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The southern portion of the study area was historically cultivated (tilled) and farmed for 

monoculture grain crops but has since been converted back to non-native grass pasture. With less 

species diversity than the northern section, this southern section is predominately comprised of 

just three species, pubescent wheatgrass (Agropryon trichophorum), western wheatgrass 

(Pascopyrum smithii), alfalfa (Medicago sativa), and Kentucky bluegrass (Poa pretensis). This 

southern, previously farmed, non-native pasture is referred to as “tilled” in this study. The 

southern pastures are mostly flat, with a more consistent soil type and depth with less variation in 

biomass productivity within pixels. There are also few trees that could affect vegetation index 

outputs. 
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Land use also varies between the two sections (Figure 5). For example, fenced pastures or 

paddocks in the northern section are larger, between 200 to 600 acres, and grazed less 

intensively, and for longer durations than pastures in the southern half (0.9 to 2.75 standard 

animal units per acre). The pastures in the southern section have been fenced into long laneways 

that are then cross-fenced into 3-5-acre paddocks with electric polywire fencing and very 

intensively grazed at high stock densities and for short durations (100-160 standard animal units 

per acre). This creates a grazing pattern that is more uniform and, likewise, a more uniform 

regrowth pattern as well. This difference in grazing dynamic may influence the accuracy of 

biomass estimation. 

Figure 5. Study area. 
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Sampling Methods 
 
 

I randomly selected 40 samples from within the study area boundary using a random 

point generator in the global information software QGIS 3.12 (QGIS Development Team, 2022). 

I sampled biomass from July 15-17, 2021. I clipped all standing biomass from within a 4.8 ft² 

cable hoop placed at each sampling point. I located points with a standard, civilian GPS unit, 

accurate to within ten feet. After placing the hoop at each sampling site, I clipped,  

bagged and weighed each sample with a gram scale which had been zeroed out to account for the 

weight of the bag. I dried the samples in a convection oven until dry and brittle to the touch and 

reweighed to obtain a dry weight.  

Equation 4. Sampling Hoop Specs and 
Conversion Factor (NRCS.gov) Figure 6. Clipping biomass at sampling point. 
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I applied a conversion factor of twenty to the dried clipping weights to estimate the dry biomass 

weight measured in pounds (lbs.) per acre.  

 

Satellite Image Acquisition.  

Landsat Analysis-ready data , encompassing the study area, for NDVI, NDMI and EVI 

indices were then ordered for the closest date to the sampling period with the best quality 

images. Images taken on 07/20/2021 were pulled from the Earth Resources Observation and 

Science (EROS) Science Processing Architecture (ESPA) on Demand Interface of the USGS 

database (https://espa.cr.usgs.gov/). All images obtained were offered as “analysis-ready,” 

meaning they were pre-processed for corrections to surface reflectance. I then obtained pixel 

values at sampling points, utilizing QGIS software, by extracting pixel values for each of the 

indices. Extracted pixel values and sampling point details were exported to an Excel spreadsheet 

for initial analysis and to identify key variables likely to be highly correlated.  

 

Data Analysis.  

Several of the original 40 sample points were left out of the analysis for differing reasons. 

One discrepancy was found between the randomly selected sampling point and the actual 

coordinates sampled, likely due to nearby tree interference, and was eliminated (point #35). 

Other high outlier points with NDVI values greater than 3,000 (point #33 & 17) were eliminated  
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Table 1. Landsat spectral indices products courtesy of the U.S. Geological Survey Earth 
Resources Observation and Science Center. 

 

from the sample set due to the lack of supporting data points to justify biomass prediction at that 

level of greenness. This left a remaining 37 data points (Table 1).  

Multiple linear regression model selection was performed using R 4.1.0 (R Core Team, 

2021). Predictor variables included in the model selection were NDVI, EVI, NDMI, and the land 

class (Tilled/Native) with the response variable being predicted biomass per acre. For ideal 

model selection, the Akaike Information Criterion, with a correction for small sample size, 

(AICc) was used in conjunction with “data dredging”, which considers all possible combinations 

of explanatory variables and compares the fit of all possible regression models, finding the best 

fit model to explain the greatest amount of variation in the data while penalizing models that use 

excessive parameters (Barton, 2022 & Greenwood, 2021). An AICc is an estimate of the distance 

(or discrepancy or divergence) between a candidate model and the true model, on a log-scale. 

The models that are closer (have a smaller distance or divergence value) to the truth are more 

accurate (Greenwood, 2021).  

  Leave-one-out cross validation was then performed using the cross-validation for 

generalized linear models (cv.glm) function in the boot package to characterize predictive 

performance (Davison & Hinkley, 1997). This function removes one observation from the data 

Section Number 
of Points 

Mean 
Biomass/ 

Acre 
(lbs.) 

Biomass/ Acre 
Range 

Mean 
NDVI  

NDVI 
Range 

Mean 
NDMI  

NDMI Range Mean 
EVI 

EVI Range 

North 24 587.5 160 - 1840 2430.5 2079-2898 -2242 -2652 to -1747 1482 1360 - 1809 

South 13 1207.7 520-2100 2407 2027-2788 -2238 -2414 to -2030   1559 1247-2286 
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set, fits the model to the other 36 observations, and estimates the biomass of the removed 

observation point based on that observation’s predictors. This procedure is repeated for each 

observation in the data set. The errors in these predictions are squared and then averaged to give 

the overall cross-validation error. It should be noted that in using AICc’s for model selection, p-

values do not carry the same interpretation and will not be reported in these findings 

(Greenwood, 2021). 

 

6. RESULTS 
 
 

The AICc analysis generated a list of the top 8 models tested. The predictor variables NDMI, 

NDVI, EVI, and land class (Tilled) revealed the model with the greatest predictive capability to 

be NDVI, EVI and land class (Table 2). The tilled variable is to be assigned a value of “0”, with 

native range receiving a value of “1” to assign numerical value to these categorical predictors. 

Results are in pounds of dry biomass per acre (lbs/acre). The model with the greatest predictive 

capability was: 

 

Lbs/acre ~ (-4.291)*EVI + (2.282)*NDVI + (491.145)*Tilled  (Equation 4) 

 

 The second highest rated model included NDMI as well as the EVI, NDVI, and Tilled 

factors. This model has an AICc score of 547.5; 0.7 units larger, and less accurate, than the 

simpler model. As stated before, simpler models are given preference under AICc analysis.   
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Table 2. AICc analysis results. When a numeric predictor is included in a model, the coefficient 
estimate of that parameter is displayed. When a categorical predictor is included, the table 
displays a “+”, however the coefficient estimates for these predictors are not displayed. When a 
second “+” is displayed, this represents a two-level categorical predictor, NDV:Tll for example, 
that also has an un-displayed single coefficient. 

 

The residual standard error of the top model was 352.7 with a multiple r squared of 0.57, 

which means that 57% of the variation in response can be explained and we could expect to 

estimate biomass production to within 352.7 lbs of dry biomass per acre, our Root Mean Squared 

Error (RMSE), while a mean-only model, or the model with the least predictive capability, gave 

a RMSE of 523.9 lbs/acre. The AICc score of this top-rated model is 546.8.  

The validation plot below shows actual the prediction error for each data point by plotting actual 

values vs predicted values (Figure 7). Idealy, points are centered around the x=y line with no 

curvature or bias above or below.  

Number Intercept EVI NDMI NDVI Tilled EVI:Tilled NDMI:Tilled NDV:Tll Degrees of 

Freedom 

AICc 

14 1485 -4.29 
 

2.282  +  
   

5 546.8 

16 3488 -4.447 0.5246 2.038  +  
   

6 547.5 

78 1672 -4.194 
 

2.145  +  
  

 +  6 549.3 

30 1405 -4.219 
 

2.271  +   + 
  

6 549.6 

80 3732 -4.343 0.534 1.882  +  
  

 +  7 550.2 

48 3484 -4.474 0.553 2.083  +  
 

 + 
 

7 550.4 

32 3422 -4.396 0.5222 2.031  +   + 
  

7 550.5 
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Below (Figure 8) are effect plots depicting the predicted outcome values of each input 

variable of the top model tested (lbspacre ~ (-4.291)*EVI + (2.282)*NDVI + (491.145)*Tilled) 

with the other variables held constant. These plots show how correlated each input variable is 

with measured values. We can see from these effect plots that the predictions of our vegetation  

indices, the EVI and NDVI explanatory variables, are highly correlated, with some error in 

measured values compared to predicted values. We also see that the tilled and introduced 

grassland has higher biomass production than the native grassland. 

Figure 7. Validation plot. 



22 
 
 

 

 

 
 

7. DISCUSSION 
 
 

My study shows promise in biomass estimation using a multivariate approach including 

NDVI and EVI and land use characteristics. However, more sampling needs to be done over 

multiple years to potentially improve the accuracy of this model before it can be used for any 

precision management applications. 

Figure 8. Explanatory variable effect plot (Fox & Weisberg, 2018) 
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There were some confounding variables not directly accounted for within this model. For 

example, as mentioned, there is a distinct difference in grazing regime between northern and 

southern sections of the study area. There were also differences in average production, with the 

southern section production more biomass than the northern section. The tilled/untilled variable 

attempts to adjust for this difference in livestock grazing management as well as the difference in 

forage type between the northern (native) and southern (introduced) pasture types, however 

because grazing occurs year-round, and at a variety of densities and durations, the complexity of  

 

this variable is difficult to effectively incorporate into a model. For visual comparison, Figure 9 

is representative of the grazing intensity regularly applied on the southern portion, while Figure 

10 is representative of grazing density routinely applied in the northern section. We can see from 

these two figures that animal density, biomass utilization and trampling, and the greenness of 

Figure 9. Southern section grazing application. 
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remaining forage are quite different despite the difference in vantage point. The duration of 

grazing events between the two areas will also be very different, with grazes in the southern 

section only being approximately 12 hours long at the grazing density pictured and up to 2 weeks 

long at the density pictured in the northern section of the ranch. 

This study was conducted July 15-17 when, in an average rainfall year, greenness and 

peak forage production would be peaking. In 2021, however, with the drought conditions, the 

period of peak greenness had passed and senescence was occurring across most of the study  

 

area. Overall production was also extremely low; approximately 50% to 65% of average  

production according to local knowledge and comparisons of sampled values to what had been 

observed in more average precipitation years. It is unknown just how the drought variable has 

Figure 10. Northern section grazing application. 
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affected the outcome of this study, but repetitive analysis across future growing seasons, under 

variable rainfall parameters, would begin to answer this question.  

As discussed, heterogeneity within and among natural grasslands is another constraint to 

the application of effectively modeling biomass production for the application of precision 

agriculture practices. These dynamics can make it difficult to account for the many variables that 

can affect modeling results, such as species composition, and land management variables. For 

example, the harvesting of grasslands with ruminant animals is never completely uniform like 

the swath of a harvester. Additionally, the harvest of grasslands can feasibly take place any day 

of the year, potentially complicating ground validation efforts and modeling. If grazing status 

(whether a grassland has been used by ruminants) affects model accuracy, accounting for this 

variable will take further research. I did test grazed vs ungrazed plots and their correlation to 

NDVI, EVI, and NDMI to see if grazing status seemed to affect modeling accuracy, and the 

results were unclear. I considered any plots located within pastures grazed within the current 

grazing season (April – October) as “grazed”. However, it is unknown what amount of regrowth 

had occurred since the last graze, to what degree the plants within the plots located in those 

pastures were defoliated, and how grazing pressure varied within pixels located within those 

pastures. Because of the distinct difference in grazing pressure, amount and uniformity of 

defoliation, and vegetation type between the North and South sections, I chose to include the 

tilled/native parameter in the data dredging process in hopes of accounting for some of these 

grazing dynamics at play within this specific study area between the native north section and the 

previously farmed southern section. Additionally, vegetation dynamics vary widely depending 
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on current weather conditions aside from precipitation which could, in theory, move any 

benchmarks set attempting to account for grassland/herbivory dynamics.  

 

8. LIMITATIONS AND FURTHER STUDY 
 
 

Limitations of remote sensing are related to pixel resolution (30 m per pixel for Landsat) 

and orbit period (16 d for Landsat). Other commercial satellite products provide higher 

resolution imagery with sensors more focused to particular ranges of the electromagnetic 

spectrum, providing features inaccessible on publicly available platforms, however these 

platforms can be cost prohibitive (Xue and Su, 2017). The cloud cover, which is impenetrable to 

passive sensors, also poses an obstacle to regular monitoring. Unmanned Aerial Vehicle (UAV) 

platforms can solve resolution and revisitation intervals; however, these technologies can also be 

cost prohibitive and cannot be implemented at broad scales due to limited flight times.  

Being restricted both temporally and in scale, this study has a scope of inference that is 

limited to the study area but could reasonably be generalized to any location within the study 

area for NDVI measurements between 2,000 and 3,000. NDVI measurements over 3,000 were 

problematic because they were far from other values, were possible influential points, or because 

the points were within pixels containing trees. 

These results cannot yet be applied to other time periods or areas outside of the study area 

and sampling period without additional validation. Additionally, the predictive accuracy of this 

current model is not well suited to precision agriculture applications due to the generous margin 

of error. However, there is certainly potential for other ecological monitoring applications.  
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This study template is a guideline for model development fitted to property specific needs 

and management variables. By repeating this study process and sampling random points within a 

property, collecting yield data and tuning a model based on that data, one could use this template 

to make trustworthy predictions and management decisions. The applicability of this specific 

model to other properties is unknown, but the potential is there for expanding the dataset to 

include a broader scale and to decrease prediction error.  

The utility of short-term, site-specific monitoring data, such as what was collected in this 

study, to inform broad-scale management decisions, depends on spatial and temporal 

correlations. There is reason to believe that there will be some temporal correlation within the 

measurement sites. It would also be reasonable to expect correlation between this models’ 

predictions and measurements taken from other locations within the same ecological site as this 

study area, provided that the land class variable is known. However, these assumptions would 

need further validation as the prediction error estimate is only for predictions within the study 

area.  

As previously stated, this model was created under drought conditions which may have 

skewed the results. Further validation is needed to confirm correlations between these data and 

differing climate conditions such as an average and above average precipitation growing seasons. 

If accuracy improves when this model is applied in wetter years, one potential solution to the 

dry, brown biomass variable, would be substituting a VI better suited to measuring brown forage. 

For example, Jansen et al., (2018) successfully measured biomass during both wet and dry years 

by using a two-model approach, substituting the normalized tillage index (NTDI) for when plants 
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were brown, or the normalized burn ratio (NBR) for when plants were green. NDVI was used to 

guide which model (brown or green) was used. 

Additionally, it is unknown whether the native grassland or introduced pasture predictor 

variable would improve predictions in another area containing the two land classes. It is 

unknown whether this predictor variable improved the model’s accuracy due to the difference in 

grazing regime between the two land classes, or whether forage amount or type was the primary 

driver.  

 
 
9. INCREASING ADOPTION OF REMOTE SENSING TO ESTIMATE ABOVE 

GROUND BIOMASS IN GRASSLAND MANAGEMENT 
 
 

The primary drivers of the adoption and use of any innovative agricultural technology are 

its ability to address a problem, its accuracy or reliability, and accessibility. When a source of 

information or a technology is new to managers, it is important to build evidence based on 

empirical relationships to begin relating common in-field observations to remote sensing metrics. 

One bottleneck discussed previously is the lack of reference data, or ground observations, needed 

to calibrate custom models. The success of models built in conjunction with ground observations 

hinges on not only the accuracy of the reference data, but also the scale and abundance of 

reference data collected. Diverse grasslands and dynamic grazing patterns require many 

observations to adequately capture the inherent variability within the system. However, when 
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ground observation is costly and time consuming, there needs to be some creativity in how 

reference data are collected and compiled.  

There is no optimal field-based method for every management unit. However certain 

intra-method calibration has been shown to improve the accuracy of biomass estimates when 

measurement-based methods (e.g., clipping and weighing) are done on a small number of 

subplots to calibrate observations over a larger area with less intensive ocular estimates (Janson, 

2022). This is similar to double sampling but does not seek to establish a statistical relationship 

between the two methods, only to improve accuracy of the less intensive measurement technique 

(Herrick, 2009). This could present an acceptable trade-off between accuracy and scale when 

collecting data for building custom fit models. Even if there is a slight decline in accuracy of 

measurements, if there is a corresponding increase in reference data, the resulting model may 

benefit overall.  

Intra-method calibration techniques also open the door to citizen-science participation. 

With training and the appropriate supplies, there is an opportunity for landowner participation in 

the collecting of reference data for the development of more custom fit models in collaboration 

with government agencies, universities, nonprofits or independent consultants. In these “citizen 

science” scenarios, when multiple observers are compiling datasets, training is crucial for 

maintaining consistency and accuracy. 

Additionally, when adoption is the goal, associating relevant and traditional field 

vegetation data commonly used in grassland management to remotely sensed data, an important 

frame of reference is maintained that increases the usefulness and applicability of satellite data 

for management and monitoring purposes (Janson, 2021). For example, presenting data in 
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familiar metrics to what managers currently use is helpful in integrating these technologies into 

agricultural settings. This highlights a need for involvement of land managers and ranchers in 

future study design and implementation. The advancement of these remote sensing technologies 

also hinges on further education and technical training opportunities for range management 

professionals, both government and private, who work directly with land managers and ranchers 

and can facilitate the data collection and fitting of custom biomass estimation models.  
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