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Abstract: The Normalized Difference Vegetation Index (NDVI) and the Enhanced Vegetation Index
(EVI) have gained considerable attention in ecological research and management as proxies for
landscape-scale vegetation quantity and quality. In the Greater Yellowstone Ecosystem (GYE), these
indices are especially important for mapping spatiotemporal variation in the forage available to
migratory elk (Cervus elaphus). Here, we examined how the accuracy of using MODIS-derived NDVI
and EVI as proxies for forage biomass and quality differed across elevation-related phenology and
land use gradients, determined if polynomial NDVI/EVI, site, and season effects improved these
models, and then mapped spatiotemporal variation in the abundance of high quality forage available
to elk across the Upper Yellowstone River Basin (UYRB) of the GYE. Models with a polynomial NDVI
effect explained 19%–55% more variation in biomass than the linear NDVI and EVI models. Models
with linear season effect explained 14%–20% more variation in chlorophyll, 37%–69% more variation
in crude protein, and 26%–50% more variation in in vitro dry matter digestibility (IVDMD) than the
linear NDVI and EVI models. Linear NDVI models explained more variation in biomass and quality
across the UYRB than the linear EVI models. The accuracy of these models was lowest in grasslands
with late onset of growth, in irrigated agriculture, and after the peak in biomass. Forage biomass and
quality varied across the elevation-related phenology and land use gradients in the UYRB throughout
the season. At their seasonal peak, the abundance of high quality forage for elk was 50% greater
in grasslands with late onset of growth and 200% greater in irrigated agriculture than in all other
grasslands, suggesting that these grasslands play an especially important role in the movement and
fitness of migratory elk. These results provide novel information on the utility of NDVI and EVI for
mapping spatiotemporal patterns of forage biomass and quality.
Keywords: NDVI; EVI; biomass; forage quality; elk; grasslands; Greater Yellowstone Ecosystem

1. Introduction
Remote sensing-based vegetation indices have gained considerable attention in ecological
research and management as proxies for landscape-scale vegetation biomass and quality [1–3].
Among the existing indices, the satellite-derived Normalized Difference Vegetation Index (NDVI)
and the Enhanced Vegetation Index (EVI) are the most commonly used indices because of their
simplicity, availability, and demonstrated utility in a variety of ecosystems [2–4]. NDVI and EVI are
ratios that contain red and near infrared (NIR) reflectance bands that are thought to be correlated
with the “greenness” of the vegetation canopy, which is a property of photosynthetic activity,
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leaf area, and structure of vegetation [5,6]. Because of this link, NDVI and EVI have been used
as proxies for the aboveground biomass [7], chlorophyll content [8,9], primary productivity [10],
phenology [11], and quality [2] of vegetation in a variety of ecosystems. Once limited by field-based
forage assessments, the availability of NDVI and EVI at large spatiotemporal scales has made them
particularly useful for understanding the role of forage patterns on the movement and population
dynamics of herbivores [12–14]. This is especially true as climate warming and human land use
increasingly alter the timing of growth and patterns of forage available to herbivores [12,15,16].
Despite their utility, however, more information is needed on how the accuracy of NDVI and EVI as
proxies for forage biomass and quality differs by site, land use, and season.
NDVI is widely used in ecological research and management as a proxy for the biomass and
quality of forage available to herbivores [3]. A ratio of reflectance from red wavelengths absorbed
by photosynthetic pigments (e.g., chlorophyll) and NIR wavelengths scattered by leaf mesophyll
cells, NDVI [NDVI = (NIR ´ red)/(NIR + red)] is thought to be directly and causally related to the
quantity of photosynthetically active vegetation on terrestrial surfaces [1,3,5]. Furthermore, because
the crude protein content and digestibility of vegetation decline with seasonal growth as fibrous, cell
wall structures accumulate [17], NDVI has also been shown to be correlated with the quality of forage
for herbivores early in the season [2,8,18]. Because of these relationships, NDVI has been used to map
spatiotemporal variation in the biomass and quality of forage available to herbivores across a variety
of ecosystems [3,11,12,14,19].
The accuracy of NDVI as a proxy for forage biomass and quality, however, is known to be
influenced by soil exposure, topography, senescent vegetation, atmospheric contaminants, and dense
biomass [5,20]. In sparsely vegetated areas, variation in the moisture and brightness of exposed soil
increases the irradiance of the NIR band and, thus, biases NDVI estimates [21,22]. In topographically
diverse landscapes, variation in the viewing geometry, surface albedo, and sun elevation angle are
known to degrade NDVI [20]. NDVI is also sensitive to scattering and elevated NIR irradiance
from heterogeneous plant structure, senescent biomass, and atmospheric contaminants [5,23,24].
Lastly, NDVI is known to saturate in dense vegetation [5,23,25,26]. Because of these limitations, the
accuracy of NDVI as a proxy for vegetation biomass and quality is known to differ by site, land use,
and season [5,27–29]. Garonna et al. [30], for example, found that atmospheric contaminants were
more likely to bias NDVI estimates in wet climates and seasons than in dry climates and seasons.
Tittebrand et al. [27] also documented that the accuracy of NDVI differed with land cover type. Also,
Porter et al. [28] found that NDVI explained more variation in biomass in early growth stages than
in senescent stages. To account for these limitations, previous studies have found that including
polynomial NDVI and site effects in NDVI models improved their performance by accounting for
the saturation of NDVI in dense biomass and for differences in soil properties [31–33]. Although the
limitations of NDVI are well known [3,33,34], a comprehensive understanding of how the accuracy of
NDVI as a proxy for forage biomass and quality differs across the landscape is needed.
EVI has been proposed as a more robust proxy for forage biomass and quality than NDVI because
of its improved resilience to saturation and resistance to soil and atmospheric contamination [5,20].
Like NDVI, EVI [EVI = 2.5 ˆ (NIR ´ Red)/(NIR + C1 ˆ Red ´ C2 ˆ Blue + L)] is a ratio of red and
NIR reflectance, but also includes an adjustment factor to account for the non-linear distortion from
soil (L = 1), a blue band to reduce atmospheric contamination of the red band, and aerosol resistance
coefficients (C1 = 6, C2 = 7.5) [5,35]. These adjustments are designed to make EVI more robust than
NDVI in areas with high soil exposure and in dense vegetation [5,36]. These adjustments, however,
are also known to make EVI more sensitive than NDVI to variation in the viewing geometry, surface
albedo, and sun elevation angle across variable terrain [20,37]. More information is needed, therefore,
on how the accuracy of EVI as a proxy for forage biomass and quality differs from NDVI across
variable sites, land uses, and seasons.
Using NDVI and EVI as proxies for forage biomass and quality has become especially important
for the research and management of migratory elk (Cervus elaphus) in the Greater Yellowstone
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Ecosystem (GYE). Throughout the season, elk require a sufficient quantity of forage with adequate
levels of crude protein and digestibility to meet the nutritional and energy demands of growth,
reproduction, and survival [17,38]. Because digestibility declines with seasonal vegetation growth, elk
are thought to preferentially graze on grasses and forbs (e.g., elk sedge, Idaho fescue, etc.) in early
growth stages because they provide an optimal trade-off of biomass and quality [39–42]. In the GYE,
migratory elk are known to follow variation in grassland phenology from their low-elevation winter
range to their high-elevation summer range to maximize their access to forage in early growth stages
with adequate levels of crude protein and digestibility [43,44]. Recent concern has grown, however, that
advances in the timing of spring green-up due to climate warming and shifts in anthropogenic land use
may be altering the forage patterns available to migratory elk [16,45,46]. Given this concern, vegetation
indices have become especially important for mapping and monitoring spatiotemporal variation in
the biomass and quality of forage available to migratory elk across the GYE [11,47]. Thein et al. [11]
and Piekielek [47], for example, used NDVI to map variation in grassland phenology and primary
productivity across elevation and land use gradients in the GYE. Also, Christianson and Creel [8]
linked seasonal variation in NDVI to elk fecal chlorophyll. In addition, Middleton et al. [16] used NDVI
to link variation in the timing of spring green-up to the reproductive rates of elk in the GYE. Few
studies, however, have directly assessed how the accuracy of NDVI as a proxy for forage biomass and
quality differs across the elevation-related phenology and land use gradients used by migratory elk
in the GYE [11,33,34]. In addition, few studies have examined whether EVI-based models or models
containing polynomial effects, site differences, and season may provide improved estimates of biomass
and quality across the GYE. This information is needed for a more comprehensive understanding of
the utility and biological significance of using NDVI and EVI to map spatiotemporal variation in the
biomass and quality of forage available to migratory elk.
In this study, we examined how the accuracy of NDVI and EVI models of biomass and quality
differed across the landscape and then used these models to map spatiotemporal variation in
the biomass and quality of forage available to migratory elk across the Upper Yellowstone River
Basin (UYRB) of the GYE. NDVI and EVI were derived from the Moderate Resolution Imaging
Spectroradiometer (MODIS) sensor onboard the Terra satellite because its wide coverage and
availability at large spatial and frequent temporal scales have made them popular in ecological research
and management [36,48,49]. The specific objectives of this study were to: (1) examine how the accuracy
of linear NDVI and EVI models of biomass and quality differed across elevation-related phenology and
land use gradients throughout the growing season; (2) determine if including polynomial NDVI/EVI,
phenology, land use, and season effects in NDVI and EVI models improved their estimates of biomass
and quality; and then (3) use these models and the nutritional requirements of elk [38] to map
spatiotemporal variation in the abundance of high quality forage available to migratory elk across
the UYRB.
2. Study Area
The 7400 km2 UYRB encompasses the low-elevation floodplains of the Yellowstone and Lamar
Rivers and the high-elevation grassland plateaus in the northern range of Yellowstone National
Park [47]. The 100,000 ha of grasslands and shrub-grasslands in the UYRB form the primary grazing
habitat for the northern Yellowstone elk herd as well as bison (Bison bison), pronghorn (Antilocapra
americana), mule deer (Odocoileus hemionus), and bighorn sheep (Ovis canadensis) [49,50]. Human land
uses in the UYRB consist of privately-owned irrigated agriculture and low-density rural development
primarily located in the low-elevation Paradise Valley [46]. The UYRB exhibits strong variation
in climate and edaphic properties across its 1524–2743 m elevation gradient [11]. Average annual
temperature ranges from 8 ˝ C to ´2 ˝ C and average annual precipitation ranges from 300 mm to
1500 mm from low to high elevations [47]. Glacial erosion has resulted in a mixture of rhyolite
alluvium in low elevations, mixed colluviums in mid elevations, and shallow andesitic soils in
high elevations [46]. Vegetation species vary across these gradients, with mesic meadows and
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and Creel [8] to extract and quantify the average chlorophyll content of four samples from the pooled
quadrats in each pixel. To calculate the average crude protein of each pixel, we analyzed the nitrogen
content of four 0.12 ˘ 0.01 g samples from the pooled quadrats in each pixel with a LECO FP-228
Nitrogen Determinator Combustion tool and then averaged and multiplied the nitrogen estimate by
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6.25. To estimate the average IVDMD of each pixel, we digested four 0.5 ˘ 0.1 g samples from the
pooled quadrats in each pixel in the rumen fluid of an inoculated cow (fed an alfalfa and hay diet)
for 48 h in an ANKOM Daisy II incubator and then estimated the average IVDMD [IVDMD = (total
mass ´ undigested mass)/total mass] of each pixel. In total, we analyzed 321 pixel estimates of
biomass, chlorophyll, crude protein, and IVDMD.
3.3. NDVI and EVI Data
NDVI and EVI estimates were derived from the daily, 250 m MODIS MOD09GQ images and
the daily, 500 m MOD09GA images on each field sampling date. MOD09GQ and MOD09GA images
were downloaded from the USGS Land Processes Distributed Active Archive Center in their original
sinusoidal projection, resampled using the nearest neighbor method, and reprojected to Albers equal
area so they were consistent with Piekielek [47]. GPS points from notable land features within pixels
were used to ensure that satellite and field pixels lined up. NDVI was calculated from the red (band
1: 620–670 nm) and the NIR (band 2: 841–876 nm) bands from the daily, 250 m MOD09GQ image
[NDVI = (band 2 ´ band 1)/(band 2 + band 1)] [53]. EVI was calculated from the red and NIR bands
from the daily, 250m MODIS MOD09GQ image and the blue band (band 3: 459–479 nm) from the daily,
500 m MOD09GA image [EVI = (band 2 ´ band 1)/(band 2 + (6 ˆ band 1) ´ (7.5 ˆ band 3) + 1)] [53]. The
blue band was acquired from the 500 m MOD09GA data because the 250 m MOD09GQ data did not
include a blue band [6]. Because the blue band is included in EVI to reduce atmospheric contamination
of the red band and does not contribute any biophysical information to the index [6], we expected
that the greater spatial resolution of the blue band did not influence the EVI estimates. MODIS
quality assurance data, which is an estimate of the degree of error from instrument contact, striping,
geolocation, and cloud contamination, were used to assess the quality of the pixel estimates [53]. When
pixels were low quality, estimates from the next closest date were used. All NDVI and EVI estimates
were acquired within five days of the field sampling dates.
4. Methods
4.1. Accuracy of NDVI and EVI Differed Across Phenology and Land Use Gradients
We examined how the performance of linear NDVI and EVI models of biomass and quality
differed between SOS classes, land use classes, and before and after the peak in biomass [54]. Because
all land uses were not represented in all SOS classes (i.e., irrigated agriculture was only present in the
low-elevation grasslands with early onset of growth), we fit separate models to the SOS data (only
public grasslands) and to the land use data (only early SOS). First, to examine how the performance
of these models varied across all SOS and land use classes, we fit linear regression models with
biomass, chlorophyll, crude protein, or IVDMD as the response variable and NDVI or EVI as the
explanatory variable to the SOS data and to the land use data. The corrected Akaike Information
Criterion (AICc ), adjusted coefficient of determination (R2 ), and F-statistics and p-values from these
models were presented and residual plots were used to determine if the model errors were normally
distributed and had homogeneous variation. Then, to assess how the predictive accuracy of these
models differed between classes, we used repeat cross validation without replacement to estimate the
average root mean squared error (RMSE) of the linear NDVI and EVI models in each SOS class, land
use class, and before and after the peak in biomass. Specifically, we repeatedly fit (ˆ1000) the models
to a random 70% of the data within a specific SOS or land use class and then used the remaining 30%
of the data to calculate the average RMSE of each model in each class. Weighted regression was used
to analyze how the RMSEs differed by SOS class, land use class, and before/after the peak in biomass.
4.2. Top Models of Grassland Biomass and Quality
To determine if polynomial NDVI/EVI, site, and season effects improved NDVI and EVI models
of forage biomass and quality, we compared multiple mixed effects models with different combinations
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of fixed effects, interactions, linear and polynomial functions, and correlation structures to identify
the top models of forage biomass and quality (Table A1). Again, because not all land uses were
represented in all SOS classes, we selected separate top models for the SOS data and the land use
data. In these models, the response variable was biomass, chlorophyll, crude protein, or IVDMD
and the fixed explanatory variables were NDVI or EVI, SOS or land use class, and date. All models
included a random effect for pixel to account for the variability between pixel estimates [55]. The
fixed effects in these models explained variation in biomass and quality at the grouping level (i.e.,
SOS or land use class), while the random effect described variability in forage biomass and quality at
the individual pixel level [55]. To determine the shape of the relationship between NDVI/EVI and
forage biomass and quality [31], we compared models with linear, quadratic, cubic, and basis spline
polynomial functions for NDVI and EVI. Basis spline functions (piecewise polynomial functions) with
two knots were included to determine if the shape of the relationship differed before, during, and after
the peak in biomass [55]. To determine if the shape of this relationship differed by site or season, we
compared models with an interaction between NDVI/EVI and SOS/land use class and an interaction
between NDVI/EVI and date. To determine if the variation in biomass and quality differed by class,
we compared models with variance structures (i.e., varIdent [55]) for SOS and land use class. Lastly,
we compared models with temporal and spatial autocorrelation structures to determine if there was
correlation between estimates from sequential sampling periods and from similar locations [55,56].
The corrected Akaike Information Criterion (AICc ) was used in forward-backward model selection
to select the top models (>2 AICc units less than the other models), maximum likelihood estimation
was used to estimate the model parameters, an F-test was used to compare the models, and the
intra-class correlation (ICC) was used to calculate the correlation between the random pixel effects in
each model [55]. While AICc was used to select models, we also reported the marginal coefficient of
determination (R2 ) (which is the variance explained by the fixed effects [57]), the partial R2 for each
fixed effect (rp 2 ) (which is the variance explained by each fixed effect), and the F-statistics and p-values.
Finally, we used the repeat cross validation methods described above to examine how the RMSEs from
the top models compared to the NDVI and EVI models in the different SOS classes, land use classes,
and before/after the peak in biomass.
To examine how the spatiotemporal patterns of forage biomass and quality differed by model,
we used the linear NDVI, linear EVI, and top models to generate spatially explicit maps of biomass,
chlorophyll, crude protein, and IVDMD across the UYRB throughout the season. NDVI and EVI rasters,
which were derived from red and NIR bands from the 250 m MOD09GQ images and the downscaled
blue bands from the 500 m MOD09GA images, were used in these models to interpolate biomass and
quality across the UYRB. Because separate models were selected for the SOS and land use data, we
extracted all pixels within each SOS and land use class and then used the corresponding model to
interpolate biomass and quality across the specific class and then merged the rasters into one image. In
the top models, a categorical effect for the specific SOS and land use class was included in the model
to project biomass and quality across the pixels within that specific class. The SOS model was used
to interpolate biomass and quality across the low-elevation grassland pixels that were categorized as
both early SOS and public grassland classes. To assess how these patterns differed through the season,
we generated maps on Julian day 128 to represent a date before most grasslands reached their seasonal
peak in biomass, on Julian day 187 to represent a date when most grasslands were at their seasonal
peak in biomass, and on Julian day 263 to represent a date when biomass was declining [47]. Weighted
regression was used to analyze how biomass and quality differed by model.
4.3. Spatiotemporal Variation in the Abundance of High Quality Forage for Elk
To assess the relevance of these forage patterns for elk, we used the top models and the nutritional
requirements of captive elk from Cook et al. [38] to map spatiotemporal variation in the abundance of
forage of adequate quality for elk across the UYRB. First, we used the nutritional thresholds for elk [38],
which were the minimum crude protein (ě8.2%) and digestibility (ě56.3%) levels that supported the
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Figure 4. Linear NDVI, linear EVI, and top models of biomass, chlorophyll, crude protein, and IVDMD in grasslands in the different start of season (SOS) and land

Figure 4. Linear NDVI, linear EVI, and top models of biomass, chlorophyll, crude protein, and IVDMD in grasslands in the different start of season (SOS) and land use
use classes. Shading represents 95% confidence intervals and shapes represent estimates from before/after the peak in biomass.
classes. Shading represents 95% confidence intervals and shapes represent estimates from before/after the peak in biomass.
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Table 1. Statistics from the linear NDVI, linear EVI, and top models of biomass, chlorophyll, crude protein, IVDMD in the start of season (SOS) and land use classes.
Model statistics include the corrected AIC (AICc ), the adjusted R2 from the NDVI and EVI models, the marginal R2 [57] from the top models, the partial R2 , the
F-statistics, and the p-values.
Start of Season Models
Fixed Effects
df
rp 2

AICc

R2

NDVI
EVI
Top

1782.7
1834.9
1662.5

0.42
0.24
0.76

NDVI
EVI
bs(NDVI)
SOS
bs(NDVI)*SOS

0.42
0.24
0.59
0.08
0.09

1187
1187
5160
2160
10,160

134.1
57.2
13.1
12.9
3.7

NDVI
EVI
Top

´22.9
´15.8
´54.8

0.04
0.01
0.21

NDVI
EVI
NDVI
Date

0.04
0.01
0.06
0.15

1187
1187
1175
1175

8.6
1.3
10.3
39.1

NDVI
EVI
Top

1098.5
1106.4
896.9

0.09
0.05
0.74

NDVI
EVI
bs(EVI)
SOS
Date

0.09
0.05
0.16
0.04
0.54

1187
1187
5169
2169
1169

18.9
10.4
15.3
3.3
328.9

NDVI
EVI
Top

1369.7
1375.9
1307.5

0.11
0.08
0.37

NDVI
EVI
NDVI
SOS
Date
NDVI*Date

0.11
0.08
0.12
0.05
0.18
0.02

1187
1187
1172
2172
1172
1172

22.2
15.5
31.7
4.1
60.2
7.7

Land Use Models
Fixed Effects
rp 2

Model
F
p
Aboveground biomass

AICc

R2

NDVI
EVI
Top

2113.8
2228.9
1826.7

0.53
0.17
0.72

NDVI
EVI
NDVI2
Land use
Date
NDVI2 *Date

NDVI
EVI
Top

´7.8
´1.7
´34.3

0.03
0.01
0.17

NDVI
EVI
Top

1114.9
1132.8
971.7

NDVI
EVI
Top

1453.9
1481.6
1383.2

<0.001
<0.001
<0.001
<0.001
<0.001
Chlorophyll
0.004
0.255
0.001
<0.001
Crude protein
<0.001
0.001
<0.001
0.041
<0.001
IVDMD
<0.001
<0.001
<0.001
0.018
<0.001
0.006

* All basis spline functions had df = 5.

p

df

F

0.53
0.17
0.62
0.07
0.01
0.02

1198
1198
2181
211
1181
2181

226.7
40.8
53.8
30.5
0.6
14.4

<0.001
<0.001
<0.001
<0.001
0.44
<0.001

NDVI
EVI
NDVI
Date

0.03
0.01
0.06
0.11

1198
1198
1184
1184

6.4
0.2
7.4
32.7

0.012
0.653
0.007
<0.001

0.14
0.05
0.51

NDVI
EVI
bs(EVI)
Land use
Date

0.14
0.05
0.14
0.06
0.31

1198
1198
5180
211
1180

31.4
11.7
18.8
5.9
236.1

<0.001
<0.001
<0.001
0.018
<0.001

0.18
0.06
0.56

NDVI
EVI
NDVI2
Land use
Date

0.18
0.06
0.22
0.06
0.28

1198
1198
2183
211
1183

44.6
13.3
34.8
7.4
82.2

<0.001
<0.001
<0.001
0.009
<0.001
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Table 2. The average root mean squared errors (AVG ˘ SE) from the linear NDVI, linear EVI, and top models of biomass, chlorophyll, crude protein, and IVDMD
in the different start of season classes, land use classes, and before/after the peak in biomass in the Upper Yellowstone River Basin. Letters represent differences
(p < 0.001) in model estimates between classes and * represents differences within classes.
Start of Season Classes
Models

Early

Mid

Late

Land Use Classes
Pre-Max

Post-Max

Irrigated Ag

Private

Public

Pre-Max

Post-Max

7.66 ˘ 5.33a
8.42 ˘ 5.35a
2.36 ˘ 1.89a *

5.59 ˘ 4.16a
6.86 ˘ 3.67a
2.69 ˘ 2.02a *

7.05 ˘ 5.68a
9.14 ˘ 8.31a
4.31 ˘ 4.63a *

9.07 ˘ 6.24b
12.41 ˘ 9.14b
6.22 ˘ 5.09b *

0.05 ˘ 0.03b
0.05 ˘ 0.03b
0.05 ˘ 0.03b *

0.03 ˘ 0.02a
0.03 ˘ 0.03a
0.02 ˘ 0.03a

0.03 ˘ 0.02a
0.03 ˘ 0.03a
0.02 ˘ 0.03a

0.03 ˘ 0.02a
0.03 ˘ 0.02a
0.02 ˘ 0.02a *

0.05 ˘ 0.03b
0.05 ˘ 0.03b
0.03 ˘ 0.03b *

0.87 ˘ 0.49b
0.87 ˘ 0.49b
0.71 ˘ 0.58b *

0.76 ˘ 0.58a
0.73 ˘ 0.63a
0.41 ˘ 0.45a *

0.67 ˘ 0.54a
0.71 ˘ 0.45a
0.35 ˘ 0.29a *

0.47 ˘ 0.44a
0.44 ˘ 0.46a
0.38 ˘ 0.42a *

0.67 ˘ 0.56b
0.55 ˘ 0.53b
0.45 ˘ 0.33b *

2.01 ˘ 1.45b
2.13 ˘ 1.46b
1.85 ˘ 1.26b *

1.54 ˘ 1.06a
1.71 ˘ 1.31a
1.11 ˘ 1.15a *

1.71 ˘ 1.32a
1.85 ˘ 1.35a
1.52 ˘ 0.91a *

1.36 ˘ 1.39a
1.48 ˘ 1.24a
1.07 ˘ 1.06a *

1.45 ˘ 1.42b
2.05 ˘ 1.26b
1.46 ˘ 1.36b *

Aboveground biomass (g/m2 )
NDVI
EVI
Top

3.88 ˘ 2.61a
4.09 ˘ 2.61a
2.43 ˘ 2.11a *

4.63 ˘ 3.38a
4.52 ˘ 2.71a
3.22 ˘ 2.77a *

7.89 ˘ 3.41b
9.17 ˘ 4.51b
5.46 ˘ 3.36b *

3.41 ˘ 2.76a
4.35 ˘ 3.28a
2.65 ˘ 2.24a *

6.44 ˘ 3.91b
6.79 ˘ 2.99b
5.02 ˘ 6.56b *

18.61 ˘ 9.58b
16.85 ˘ 9.45b
12.17 ˘ 9.92b *

Chlorophyll (OD666)
NDVI
EVI
Top

0.03 ˘ 0.04a
0.03 ˘ 0.04a
0.02 ˘ 0.04a *

0.04 ˘ 0.03a
0.04 ˘ 0.03a
0.03 ˘ 0.03a *

0.05 ˘ 0.03b
0.05 ˘ 0.03b
0.03 ˘ 0.03b *

0.03 ˘ 0.02a
0.03 ˘ 0.02a
0.02 ˘ 0.03a *

0.04 ˘ 0.03b
0.04 ˘ 0.03b
0.03 ˘ 0.03b *
Crude protein (%)

NDVI
EVI
Top

0.68 ˘ 0.53a
0.68 ˘ 0.53a
0.38 ˘ 0.32a *

0.73 ˘ 0.47a
0.76 ˘ 0.51a
0.32 ˘ 0.38a *

1.02 ˘ 0.97b
1.03 ˘ 0.98b
0.77 ˘ 0.79b *

0.73 ˘ 0.41a
0.79 ˘ 0.46a
0.32 ˘ 0.29a *

0.99 ˘ 1.01b
0.87 ˘ 1.05b
0.53 ˘ 0.84b *
IVDMD (%)

NDVI
EVI
Top

1.41 ˘ 1.17a
1.56 ˘ 1.17a
1.08 ˘ 0.83a *

1.51 ˘ 1.25a
1.59 ˘ 1.27a
1.31 ˘ 1.11a *

1.98 ˘ 1.44b
2.01 ˘ 1.44b
1.77 ˘ 1.36b *

1.41 ˘ 0.91a
1.47 ˘ 0.94a
1.24 ˘ 0.95a *

1.53 ˘ 1.78b
2.06 ˘ 1.81b
1.74 ˘ 1.35b *
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5.2. Polynomial NDVI and Date Effects Improved Models of Biomass and Quality
Models with a polynomial NDVI effect explained 19%–55% more variation in biomass than the
linear NDVI and EVI models in all SOS classes (p < 0.001) and land use classes (p < 0.001) in the UYRB
(Figures 3 and 4 and Tables 1 and 2). The top model in the SOS classes included an interaction between
a basis spline function for NDVI and SOS class, a variance structure for SOS class, and a random effect
for pixel (AICc = 1662.5). The top model in the land use classes included an interaction between a
quadratic NDVI effect and date, a land use effect, a variance structure for land use, and a random
pixel effect (AICc = 1826.7). In these models, the polynomial NDVI effect was responsible for most
of the explained variation in biomass (Rp 2 = 0.59 and 0.62). The residuals from these models were
normally and homogeneously distributed and there was moderate correlation between pixel estimates
(ICC = 0.41 and 0.14). RMSEs from the top models were greater in the late SOS class than in the early
and mid SOS classes (p < 0.001), greater in irrigated agriculture than in private and public grasslands
(p < 0.001), and greater after the peak in biomass than before (p < 0.001). Between models, the RMSEs
from the top models were lower than the linear NDVI and EVI models in all SOS classes (p < 0.01), all
land use classes (p < 0.02), and before/after the peak in biomass (p < 0.01).
Models with an effect for date explained substantially more variation in forage quality across the
UYRB than the linear NDVI and EVI models (Figures 3 and 4 and Tables 1 and 2). For chlorophyll, a
model with a linear NDVI effect, a date effect, and a random pixel effect explained 14%–20% more
variation in chlorophyll than the linear NDVI and EVI models in all SOS classes (p < 0.001) and land
use classes (p < 0.001) in the UYRB. In these models, the date effect was responsible for most of this
explained variation in chlorophyll (rp = 0.15 and 0.11) and there was moderate correlation between
pixel estimates (ICC = 0.02 and 0.01). For crude protein, a model with a basis spline function for EVI, a
SOS/land use class effect, a date effect, a variance structure for SOS/land use class, and a random pixel
effect explained 37%–69% more variation in crude protein than the linear NDVI and EVI models in all
SOS classes (p < 0.001) and land use classes (p < 0.001) in the UYRB. In these models, the date effect
explained most of this variation in crude protein (rp = 0.54 and 0.31) and there was some correlation
between pixel estimates (ICC = 0.17 and 0.18). For IVDMD, a model with an NDVI and date interaction,
a SOS class effect, a variance structure for SOS class, and a random pixel effect explained 26% more
variation in IVDMD than the linear NDVI and EVI models in all SOS classes (p < 0.001). A model with
a quadratic NDVI effect, a land use effect, a date effect, a variance structure for land use class, and a
random pixel effect explained 50% more variation in IVDMD than the linear NDVI and EVI models
in all land use classes (p < 0.001). In these models, the date effect explained most of the variation in
IVDMD (rp = 0.18 and 0.28) and there was little correlation between pixel estimates (ICC = 0.19 and
0.01). The residuals from these models were normally and homogeneously distributed. The RMSEs
from the top models were greater in the late SOS class than in the early and mid SOS classes (p < 0.01),
greater in irrigated agriculture than in private and public grasslands (p < 0.01), and greater after the
peak in biomass than before (p < 0.04). Between models, the RMSEs from the top models were lower
than the linear NDVI and EVI models in all SOS classes (p < 0.03), all land use classes (p < 0.01), and
before/after the peak in biomass (p < 0.04).
5.3. Spatiotemporal Variation in Grassland Biomass and Quality Across the UYRB
The top models showed greater spatiotemporal heterogeneity in forage biomass and quality
across the UYRB than the linear NDVI and EVI models (Figures 5–8). Throughout the season, the top
models estimated that biomass was up to 46.8 ˘ 1.4 g/m2 greater in the high-elevation grasslands and
71.2 ˘ 0.8 g/m2 greater in irrigated agriculture than the linear NDVI and EVI models (p < 0.001). Early
in the season, the top models estimated that chlorophyll was 0.12 ˘ 0.01 greater, crude protein was
3.1% ˘ 0.02% greater, and IVDMD was 12.6% ˘ 0.03% greater across the UYRB compared to the linear
NDVI and EVI models. Late in the season, however, the top models estimated that chlorophyll was
0.14 ˘ 0.01 lower, crude protein was 1.7% ˘ 0.1% lower, and IVDMD was 5.1% ˘ 0.3% lower across
the UYRB than the linear NDVI and EVI models.
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chlorophyll) [5], and indicates that this relationship is not strong throughout the season. Overall,
This poor performance for chlorophyll is surprising since NDVI and EVI are thought to be strongly
these results indicate that NDVI and EVI are adequate proxies for seasonal variation in biomass, but
related to the absorption of red wavelengths by photosynthetic pigments (e.g., chlorophyll) [5], and
indicates that this relationship is not strong throughout the season. Overall, these results indicate that
NDVI and EVI are adequate proxies for seasonal variation in biomass, but that caution should be used
when using NDVI and EVI as proxies for forage quality across the UYRB.
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The predictive accuracy of the linear NDVI and EVI models was lower in grasslands that started
growth late in the season than in grasslands that started growth early and mid-season, lower in
irrigated agriculture than in private and public grasslands, and lower after the peak in biomass than
before. The low accuracy in grasslands with late onset of growth was likely due to the increased
contamination from moisture (due to the increased precipitation in high elevations [47]) and the
variable terrain in these high-elevation grasslands and was because the models did not account for
the curvilinear relationship between NDVI and biomass in these grasslands’ dense biomass [37,58].
The low accuracy in irrigated agriculture was likely due to moisture contamination from irrigation
and because the models did not account for the curvilinear relationship between NDVI and biomass
in the dense crops [5,27,29]. Finally, the low accuracy after the peak in biomass was likely due to
contamination from senescent biomass, soil exposure, and exposed heterogeneous terrain late in
the season [28]. While previous studies have similarly shown that the relationship between NDVI
and biomass was influenced by variable terrain [27,37], moisture contamination in wet climates and
seasons [3], and senescent biomass at the end of the season [28], this study is one of the first to provide
a comprehensive understanding of how the accuracy of both NDVI and EVI as proxies for forage
biomass and quality varied across the GYE throughout the growing season. Understanding how the
accuracy of NDVI and EVI differs spatiotemporally across the landscape, therefore, is necessary when
mapping forage patterns available to herbivores.
Linear NDVI models explained more variation in forage biomass and quality than the linear
EVI models across the UYRB. This is likely because the adjustment factors made EVI more sensitive
to terrain effects than NDVI across the topography gradients in the UYRB [20,37]. Previous studies
have similarly shown that NDVI outperformed EVI as a proxy for biomass and quality in the Sonoran
Desert [37] and Mongolia [36]. These results indicate that resilience to variable terrain may be
more important than accounting for soil and atmospheric contamination when using indices to
map spatiotemporal patterns of forage biomass and quality.
6.2. Polynomial NDVI and Date Effects Improved Models of Biomass and Quality
Models including polynomial NDVI, season, and random pixel effects explained substantially
more variation in forage biomass and quality across the UYRB than the linear NDVI and EVI
models. Models containing a polynomial NDVI effect explained up to 55% more variation in
biomass than the linear NDVI and EVI models. As previously documented [23,24,31], this improved
performance is likely because these models accounted for the curvilinear relationship between NDVI
and biomass. Specifically, this curvilinear relationship is because NDVI represents the greenness of
the two-dimensional structure of vegetation rather than the biomass of forage [23,24,31]. For forage
quality, models including a linear season effect explained up to 50% more variation in forage quality
than the linear NDVI and EVI models. This improved performance is likely because the date effect
accounted for the seasonal decline in forage quality unaccounted for by NDVI and EVI, possibly due
to contamination from senescent biomass or the weak relationship between NDVI/EVI and forage
quality late in the season [28]. Finally, the improved performance of models with a random effect for
pixel indicates that there was local variation in forage biomass and quality, driven by local variation
in biophysical properties, that was unaccounted for by NDVI and EVI [55]. Previous studies have
similarly found that accounting for curvilinear relationships, site, and seasonal differences improved
the performance of NDVI models across heterogeneous landscapes [3,24,31,33]. While we recognize
that it is often not feasible to account for season and site differences when using vegetation indices
in the absence of field data, these results suggest that it is important to consider the limitations of
NDVI and EVI when mapping forage patterns for elk across the UYRB. Specifically, we suggest that:
(1) consideration should be given to error imposed from differences in site versus satellite estimates,
(2) polynomial NDVI functions may improve estimates of forage biomass; (3) NDVI and EVI should
not be used as proxies for seasonal variation in forage quality; and (4) that consideration should be
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given to the unaccounted for local variation in biomass and quality when using NDVI and EVI across
the UYRB.
Models that accounted for the curvilinear relationship between NDVI and biomass, the seasonal
decline in forage quality, and local variation in pixels showed greater spatiotemporal heterogeneity in
forage biomass and quality across the UYRB than the linear NDVI and EVI models. By accounting for
the curvilinear relationship between NDVI and biomass, the top models estimated that biomass was
greater in high-elevation grasslands and irrigated agriculture than the linear NDVI and EVI models.
By accounting for a seasonal decline in forage quality, the top models projected that forage quality was
greater across the UYRB early in the season and lower across the UYRB late in the season than the linear
NDVI and EVI models. These results suggest that linear NDVI and EVI models may underestimate
biomass in high-elevation grasslands and irrigated agriculture, may underestimate forage quality early
in the season, and may overestimate forage quality late in the season.
Given that even small differences in the quality of forage have been shown to impact the fitness
of elk [38], variation in the accuracy of NDVI and EVI across the UYRB and between models may have
important implications for elk. Cook et al. [38] found that when forage was near the quality thresholds
required by elk (crude protein > 8.2% and digestibility > 56.3%), a 0.5% decline in crude protein and a
5% decline in digestibility had a negative impact on the summer weight gain of lactating elk. Because
crude protein and IVDMD were close to these levels late in the season, variation in the accuracy of
NDVI and EVI across the landscape may influence whether these grasslands are projected to have
adequate or inadequate quality for elk. Consideration for how the accuracy of NDVI and EVI models
varies across the landscape and between models is necessary, therefore, when mapping forage patterns
available to migratory elk.
6.3. Spatiotemporal Variation in Grassland Biomass and Quality Across the UYRB
As previously documented [11,47], the top models projected that grassland biomass and quality
varied across the elevation-related phenology gradients in the UYRB throughout the growing season.
Biomass increased from low to high elevations following the timing of growth and then declined
throughout the season. Forage quality peaked early in the season and then declined across the UYRB.
At their seasonal peak, high-elevation grasslands with late onset of growth had up to 50% more
biomass, 5% greater crude protein, and 20% greater IVDMD than grasslands that started growth
early and mid-season. This was likely due to the high moisture and nutrient content of soils, the
cooler temperatures, the increased precipitation, and the greater forb cover in these high-elevation
grasslands [51,58–61]. Specifically, we expect that the nitrogen deposition and high soil moisture from
prolonged snow cover and the increased nutrient and moisture content of andesitic soils increased
the productivity and nitrogen content of grasslands in these high elevations [58,61–63]. Because snow
collects atmospheric nitrogen as it falls, we expect that the greater quantity of snow and the prolonged
snowmelt in high elevations likely resulted in a slow-release of nitrogen into the soils throughout
the spring [58]. In addition, the reduced evapotranspiration and increased precipitation in high
elevations likely increased the photosynthetic rates and nitrogen content of vegetation [63]. Finally,
because forbs have inherently higher crude protein and digestibility than grasses and shrubs [42],
we expect that the greater forb cover observed in high elevations likely contributed to the greater
magnitude of forage quality in these high-elevation grasslands [51]. These results are consistent with
the NDVI analyses from Piekielek [47] and Thein et al. [11] showing high primary productivity in
the high-elevation grasslands of the GYE. They are also consistent with previous studies showing
that crude protein and digestibility increased across elevation gradients in Norway [64] and in the
Canadian Rockies [65]. While previous studies have shown that the biomass and quality of forage
varies across elevation-related phenology gradients, this study is one of the first to document that the
magnitude of biomass and quality differs across these gradients throughout the season.
These results suggest that there is a co-variation between the timing of growth and the magnitude
of grassland biomass and quality in the UYRB (i.e., grasslands that started growth late in the season
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had a greater seasonal magnitude in biomass and quality than grasslands that started growth earlier in
the season). This would indicate that the same biophysical factors that drive the timing that grasslands
start their growth (e.g., snow cover, temperature, precipitation) also dictate the seasonal magnitude of
biomass and quality [66]. Among these biophysical factors, we speculate that prolonged snow cover
is primarily responsible for this co-variation because it delays the timing of growth and promotes
forage biomass and quality by increasing the nitrogen content of soils and protecting grasses from
early season freeze events [66,67]. Duparc et al. [66] similarly found that more productive grasslands
reached their peak in forage later in the season than less productive grasslands in the French Alps.
Albon and Langvatn [64] also found that forage quality varied along an elevation gradient throughout
the season in Norway.
The top models projected that irrigated agriculture had up to 200% greater biomass and up to
5%–10% greater forage quality than all other grasslands in the UYRB throughout the growing season.
The greater magnitude of biomass was likely due to the high nutrient and moisture content of soils
from irrigation and fertilization and was due to the inherently greater biomass of crop species [47,68].
The greater forage quality was a likely due to the prolonged growth from irrigation and the surge
in forage quality after the seasonal harvest [47]. Previous studies have similarly documented that
irrigated agriculture had a prolonged period of growth and greater productivity than non-irrigated
grasslands [47,65,68,69].
6.4. Spatiotemporal Variation in the Abundance of High Quality Forage for Elk
Forage with adequate crude protein and IVDMD to promote the summer weight gain of elk [38]
was available across the low-elevation grasslands early in the season, across most of the landscape
mid-season, and in small grassland patches in high elevations late in the season in the UYRB. The
abundance of forage of adequate quality for elk varied across this elevation-related phenology gradient
throughout the season. While previous studies have documented that high quality forage varies along
the phenology gradient in the GYE [11], this study is one of the first to provide quantitative evidence
that forage with adequate levels of crude protein and IVDMD for elk is available along this phenology
gradient throughout the season. These results indicate that the availability of high quality forage for
elk is limited to small patches in high elevations late in the season [16].
At their seasonal peak, high-elevation grasslands with late onset of growth had up to 50% more
forage with adequate quality for elk than grasslands that started growth early and mid-season. This is
likely due to the increased nitrogen and moisture content of soils and the reduced evapotranspiration
rates in these high-elevation grasslands [11,51,61,70]. These results may indicate that high-elevation
grasslands with late onset of growth provide the bulk of the energy and nutrients for elk in the critical
foraging period late in the season [16,17,71]. Mysterud et al. [72] similarly found that access to forage
across an elevation gradient was responsible for the increased weight gain of migratory ungulates
in Norway. Furthermore, these results may provide evidence that migratory elk “jump” rather than
“ride” the green wave of phenology in order to increase their access to abundant high quality forage
in high-elevation grasslands [73]. In the context of climate change, these results may suggest that
potential shifts in the timing of growth in the high-elevation grasslands may have profound impacts
on the fitness of migratory elk in the UYRB [16]. Future research is needed, therefore, to assess the
role of this abundant high quality forage in high-elevation grasslands on the fitness and movement of
migratory elk in the UYRB.
Irrigated agriculture had up to 200% more forage of adequate quality for elk than all other
grasslands in the UYRB throughout the growing season. These results may suggest that residential
elk foraging on irrigated agriculture may have access to a greater abundance of high quality forage
throughout the season than migratory elk following the elevation-related phenology gradient in the
UYRB, which may alter the benefits of residential versus migratory behavior for elk [45,74]. More
information is needed on the quantity of high quality forage required by elk throughout the season,
however, before we can understand the role of irrigated agriculture on the benefits of migratory versus
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residential strategies for elk in the UYRB. In the context of land use change [46], these results may
indicate that a projected decline in irrigated agriculture across the GYE could reduce the abundance of
forage available to elk in low elevations. Future research should use these results to assess the role of
irrigated agriculture on the movement and fitness of elk.
6.5. Limitations
These results should be considered with the limitations of this study in mind. Because the aim
of this study was to assess the utility of NDVI and EVI as proxies for grassland biomass and quality
across the UYRB, we did not directly control or assess which factors (e.g., senescent biomass, soil
exposure, topography, etc.) affected the accuracy of these models [5,22]. Future research is needed,
therefore, to identify the specific factors that influenced the accuracy of these models across the UYRB.
Moreover, because this study was only conducted from April to September, future research is needed
to determine how the accuracy of these models differs throughout the entire growing season from
March to October. Although the pixel selection methods were intended to reduce the effects of mixed
pixel issues, we expect that the presence of other land use types (e.g., forest, bare ground) in the pixels
may have influenced the accuracy of the NDVI and EVI models. In addition, while landscape-scale
forage patterns are known to influence the fitness and movement of elk [19], it is important to consider
that elk fitness is also influenced by forage selection at the plant and community scale and by predation,
winter severity, hunting pressure, and the mineral and tannin content of forage [17,43,75]. Finally,
more research is needed to determine if these results are consistent across the GYE and other temperate
landscapes. Overall, these methods provided simple and interpretable information on the utility of
NDVI and EVI for mapping the forage patterns available to elk. The limitations of these methods were
that they relied upon the accuracy of the field data, they did not provide information on the specific
factors that influenced these indices, and they were not intended to identify the best predictive models
of biomass and quality.
7. Conclusions
Remote sensing NDVI and EVI are widely used in ecological research and management as
proxies for the biomass and quality of forage available to herbivores. In this study, we examined
how the accuracy of using MODIS-derived NDVI and EVI as proxies for forage biomass and quality
differed across elevation-related phenology and land use gradients, determined if accounting for
curvilinear relationships, site differences, and season improved NDVI and EVI models, and then
mapped spatiotemporal variation in the abundance of high quality forage for elk across the Upper
Yellowstone River Basin (UYRB) of the Greater Yellowstone Ecosystem. The novel results from this
study were that:
(1)

(2)

Linear NDVI and EVI models explained half of the variation in grassland biomass (R2 = 0.42–0.53),
but minimal variation in chlorophyll (R2 = 0.03–0.04), crude protein (R2 = 0.09–0.14), and
digestibility (R2 = 0.11–0.18) across the UYRB. The accuracy of these models was lowest in
grasslands with late onset of growth due to contamination from variable terrain, in irrigated
agriculture due to moisture contamination, and late in the season due to contamination from
senescent vegetation. NDVI-based models explained more variation in forage biomass and
quality than EVI-based models, potentially because of the sensitivity of EVI to heterogeneous
terrain. Caution should be used, therefore, when using NDVI and EVI as proxies for forage
biomass and quality in the UYRB.
Models that accounted for the curvilinear relationship between NDVI and biomass, the seasonal
decline in forage quality, and local variation between pixels explained 19%–55% more variation
in biomass and 14%–69% more variation in forage quality than the linear NDVI and EVI models.
These models projected greater spatiotemporal heterogeneity in forage biomass and quality across
the landscape compared to the linear NDVI and EVI models. Understanding the limitations of

Remote Sens. 2016, 8, 404

(3)

21 of 25

NDVI and EVI is necessary, therefore, when using these indices to map the patterns of forage
available to elk across the UYRB.
Forage biomass and quality varied along the elevation-related phenology gradient, but remained
consistently high in irrigated agriculture throughout the growing season. At their seasonal peak,
the abundance of forage of adequate quality for elk was up to 50% greater in grasslands with
late onset of growth and up to 200% greater in irrigated agriculture than in all other grasslands
throughout the growing season. These results may indicate that high-elevation grasslands and
irrigated agriculture may play an especially important role in the movement and fitness of elk in
the UYRB.

While previous studies have documented the limitations of using NDVI and EVI as proxies for
vegetation biomass and quality, this study provides novel information for researchers and managers
on the reliability and biological significance of using these indices to map spatiotemporal variation in
the forage available to herbivores.
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Appendix
Table A1. Mixed effect models compared to select the top models of biomass, chlorophyll, crude
protein and IVDMD. Model selection was done separately for all SOS classes (in public grassland land
use) and for all land use classes (in early SOS class).
Model Description
Linear NDVI/EVI only
Linear NDVI/EVI with SOS/LU
Linear NDVI/EVI with Date
Linear NDVI/EVI with SOS/LU and Date
Linear NDVI/EVI with NDVI/EVI*SOS/LU interaction
Linear NDVI/EVI with NDVI/EVI*Date interaction
Linear NDVI/EVI with NDVI/EVI*SOS/LU interaction and Date
Linear NDVI/EVI with NDVI/EVI*Date interaction and SOS/LU
Models 1–8 with quadratic NDVI/EVI effect
Models 1–8 with cubic NDVI/EVI effect
Models 1–8 with basis spline NDVI/EVI effect
All previous models with variance structure
All previous models with temporal autocorrelation
All previous models with spatial autocorrelation
All previous models with variance structure and temporal autocorrelation
All previous models with variance structure and spatial autocorrelation

Variable Combinations 1
NDVI/EVI + random (pixel)
NDVI/EVI + SOS/LU + random (pixel)
NDVI/EVI + Date + random (pixel)
NDVI/EVI+SOS/LU + Date + random (pixel)
NDVI/EVI*SOS/LU + random (pixel)
NDVI/EVI*Date + random (pixel)
NDVI/EVI*SOS/LU + Date + random (pixel)
NDVI/EVI*Date + SOS/LU + random (pixel)
NDVI/EVI2 + “ ”
NDVI/EVI3 + “ “
bs(NDVI/EVI, df = 5) + “ “
“ ” + varIdent (SOS/LU)
“ ” + corAR1 (Date)
“ ” + corExp (Site)
“ ” + varIdent (SOS/LU) + corAR1 (Date)
“ ” +varIdent(SOS/LU) + corExp (Site)

1 Variables included NDVI and EVI, start of season (SOS) class or land use (LU) class, and date (Julian day).
VarIdent accounted for different variance in each class, corAR1 represented a temporal autocorrelation structure,
and corExp represented a spatial autocorrelation structure.
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