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ABSTRACT: The accurate prediction of plant phenology is of significant importance for more sustainable and effective land management. This research develops a framework of phenological modeling to estimate vegetation abundance
[indicated by the normalized difference vegetation index (NDVI)] 7 days into the
future in the geographically diverse Upper Colorado River basin (UCRB). This
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framework uses phenological regions (phenoregions) as the basic units of modeling
to account for the spatially variant environment–vegetation relationships. The
temporal variation of the relationships is accounted for via the identification of
phenological phases. The modeling technique of Multivariate Adaptive Regression
Splines (MARS) is employed and tested as an approach to construct enhanced
predictive phenological models in each phenoregion using a comprehensive set of
environmental drivers and factors. MARS has the ability to deal with a large
number of independent variables and to approximate complex relationships. The R2
values of the models range from 91.62% to 97.22%. The root-mean-square error
values of all models are close to their respective standard errors ranging from 0.016
to 0.035, as indicated by the results of cross and field validations. These demonstrate that the modeling framework ensures the accurate prediction of short-term
vegetation abundance in regions with various environmental conditions.
KEYWORDS: North America; Vegetation–atmosphere interactions; Temperature;
Remote sensing; Numerical analysis/modeling; Time series

1. Introduction
Plant phenology research studies how periodic biological phenomena of plants
(phenological phases or phenophases) are influenced by environmental changes
driven by weather and climate (Dahlgren et al. 2007; Schwartz 2003a; White et al.
1997). Accurate predictions of plant phenology and vegetation abundance, as a
major research challenge in the field, are essential to many aspects in agriculture
land management, livestock grazing, ecology, and fire risk assessment (Hodges
1991; Post and Inouye 2008; White et al. 1997).
The advent of remote sensing technology facilitates the evolution of phenological
predictive modeling (phenomodeling). It provides a robust means to elevate the
monitoring and modeling of plant phenological dynamics from individual plants and
species to broadscale vegetation communities and ecosystems, thereby helping to
improve the understanding of broadscale phenological trends, which are usually hard
for traditional ground observations to detect. Remotely sensed plant phenology uses
satellite imagery to track gradual plant growth and identify phenophases at regional,
continental, and global scales (Xie et al. 2015). The normalized difference vegetation
index (NDVI) has been widely used to assess plant phenology because the relationship between NDVI and vegetation abundance has been well established in
literature (Ji and Peters 2004; Reed et al. 1994; White and Nemani 2006; Zhang et al.
2009; Zhang et al. 2001).
Phenological predictive models (phenomodels) refer to algorithms or quantitative
expressions that simulate the responses of major plant physiological processes to
environmental variables (Hodges 1991) in order to predict phenophases and vegetation abundance. Major advancements have been made in the development of
quantitative phenomodels. These advancements include the addition of new environmental variables (Jolly et al. 2005; Pau et al. 2011), transition from predicting
phenophase onsets to actual vegetation status (Ji and Peters 2004; Jolly et al. 2005),
scaling-up from species and vegetation communities to ecosystems (Lin and
Dugarsuren 2015), and use of more advanced modeling techniques (Ji and Peters
2004). Phenology is influenced by a range of environmental variables. The increased
dimensionality of data space leads to a series of problems such as multicollinearity,
numerical instability, and overfitting, referred to as the ‘‘curse of dimensionality.’’
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The environment–vegetation relationships are complex and spatiotemporally variant
(Pau et al. 2011), making it hard to predict phenology accurately across location and
time. Most phenomodels use a fixed set of environmental variables and model a fixed
relationship pertinent to a specific study area, limiting the applicability of phenomodels to other regions.
This paper develops a short-term phenological predictive modeling framework
that can be applied in regions with different physical settings to predict vegetation
abundance 7 days in the future. The modeling technique of Multivariate Adaptive
Regression Splines (MARS) introduced by Friedman (1991) is used. Unlike ordinary multivariate regression, MARS does not have to satisfy a lot of assumptions
such as linear relationship, normal distribution, and homoscedasticity of residuals.
It can deal with high dimensions of independent variables and is superior in flexibly
approximating the complex, nonlinear, and nonmonotonic environment–vegetation
relationships. This paper explains the application of MARS models to different
phenological regions (phenoregions, phenologically and climatically self-similar
clusters) in the Upper Colorado River basin (UCRB) for discussion. Individual
MARS models are tuned for specific phenoregions. MARS models are validated
using cross validation and field validation techniques. The results indicate that the
MARS models yield accurate predictions under different physical settings.

2. Methodology
In this section, the study area of the UCRB and phenoregions in the UCRB are
described. The partition of the geographically diverse UCRB into relatively homogeneous phenoregions accounts for the major spatial variations of environment–
vegetation relationships. The major temporal variations of the relationships are
accounted for by identification of phenophases. The MARS modeling technique is
adopted to deal with the remaining nonlinearity of the relationships because it can
flexibly model nonlinearity by fitting separate linear regression equations within
different subregions of data space. The delineation of phenoregions, the identification of phenophases, and the adoption of MARS modeling technique enable the
development of a well-performed phenomodel for each phenoregion. Figure 1 illustrates the MARS modeling framework for a phenoregion.
2.1. Study area
The UCRB (Figure 2) includes the watersheds that drain into the Colorado River
system north of Lee’s Ferry. The drainage area of the UCRB is over 290 000 km2.
The elevation ranges from approximately 1000 m in the southwest to 4000 m near
the Uinta Mountains and southern Rockies. The complex topographic conditions in
the UCRB cause the climate to exhibit different patterns. Such large tracts of land
and extraordinary geographic diversity make the UCRB a worthwhile area for plant
phenology to be examined and for a phenomodeling framework to be designed.
This geographic diversity also makes the accurate prediction of vegetation abundance challenging.
Because of the geographic diversity in the UCRB, nine 1-km-pixel–based
UCRB-specific phenoregions were delineated (Figure 2) in order to develop
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Figure 1. Premodeling and modeling procedure in a phenoregion.

phenoregion-specific models. Principal component analysis (PCA) combined with
improved k-means clustering (k-means11 clustering) was used to differentiate
environmental variables and generate phenoregions with similar phenological
forcing. More details regarding the phenoregion delineation were described in
Zhang et al. (2012). More homogeneous environment–vegetation relationships are
expected in respective phenoregions (Hargrove and Hoffman 2004; White et al.
2005; Zhang et al. 2012). The vegetation composition and distribution in nine
phenoregions are shown in Figures S1 and S2. Table S1 describes the phenoregionspecific mean elevation and climatic conditions.
2.2. Data sources
The onset and offset of phenophases can occur within a time window as short as
only a few days. Data with lower temporal resolution will increase the uncertainty
and difficulty in identification of phenophase onset/offset, and mask the accurate
onset/offset date since all predictions are made for the next date after the 7-day
interval. Data with higher temporal resolution are usually only available at much
coarser spatial resolution (Cardot et al. 2008). Therefore, 1-km 7-day Earth Resources Observation and Science (EROS) Moderate Resolution Imaging Spectroradiometer (eMODIS) data are chosen as a trade-off. The 7-day composites
from 2000 to 2010, for a total count of 541, are used in this paper. The first 7-day
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Figure 2. The UCRB study area and the nine phenoregions within the UCRB.

composite is from the 49th day to the 55th day of 2000, and the last is from the
173rd day to 179th day of 2010.
2.2.1. eMODIS data

The eMODIS product [U.S. Geological Survey (USGS)–EOS MODIS] is generated at the USGS’s EROS Center. The eMODIS products provide the 7-day
composite data at the spatial resolutions of 250 m, 500 m, and 1 km, including
NDVI and surface reflectance bands over the continental United States. The
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eMODIS products offer higher temporal resolution and faster production output
than standard MODIS products (Jenkerson et al. 2010). The standard MODIS
NDVI products are associated with geometric distortion in high-latitude regions far
away from 08 longitude, due to the sinusoidal projection designed for global
coverage. The eMODIS NDVI products have significantly improved geometric
features, while having a high agreement with the standard MODIS NDVI products
(Ji et al. 2010). Therefore, eMODIS products are more suitable as the data source
from which NDVI can be extracted.
2.2.2. Ecocast data

Ecocast data are the climate data product produced by the NASA Ames Ecological Forecasting Laboratory using the Terrestrial Observation and Prediction
System (TOPS; NASA Ames Ecological Forecasting Laboratory 2009). The
Ecocast gridded climatic dataset includes the maximum and minimum temperature, precipitation, and solar radiation. The Ecocast data were generated from the
49th day of 2000 to the 179th day of 2010 at 1 km over the study area of the UCRB
by the NASA Ames Ecological Forecasting Laboratory. The temporal resolution is
7 days, and the compositing intervals are the same with those of the eMODIS data.
2.2.3. GAP data

National Gap Analysis Program (GAP) land-cover data at 30-m resolution is a
seamless combination of the work of several different projects representing the
ground land cover from 1999 to 2001 (USGS 2010). GAP data have three levels of
details, from the most general of 8 classes to the most detailed of 75 classes within
the study area of the UCRB. The 30-m, level-one classification is adopted to assist
with the exclusion of nonnaturally vegetated pixels. It is resampled to 1-km resolution using the majority resampling method and served as one of the independent
variables in the phenomodels.
2.2.4. Daymet data

The Daymet dataset (Thornton et al. 2012) is a climatic dataset generated from
the Daymet model by the Numerical Terradynamic Simulation Group (NTSG) at the
School of Forestry, University of Montana. It is a 1-km dataset over regions of the
United States, Mexico, Canada, Hawaii, and Puerto Rico and contains the variables of
daily maximum and minimum temperature, precipitation, and solar radiation. It is
available from 1 January 1980 to 31 December of the last calendar year. The Daymet
data from the 123rd day to the 164th day of 2011 over the Upper Colorado River basin
were used in field validation as the substitute of the Ecocast data, due to the unavailability of the Ecocast data during the period of field measurements.
2.2.5. Other data sources

The Digital Terrain Elevation Data (DTED) level 0 at 30-arc-s (;1 km) resolution compiled by the National Geospatial-Intelligence Agency (NGA; NGA
1996) in 2001 provides the elevation variable. Parameter-Elevation Regressions on
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Independent Slopes Model (PRISM) dataset (PRISM Climate Group 2010) provides eight variables of long-term averages and seasonal variations of temperature
and precipitation. A soil variability index (SVI) was calculated as the first principal
component of the 10 soil parameters provided by the USGS compiled 1-km dataset
of the State Soil Geographic (STATSGO) soil characteristics for the conterminous
United States (USGS 1997). The mean annual NDVI is provided by the 1-km
dataset from the USGS by averaging the AVHRR–NDVI from 1990 to 2005.
2.3. Premodeling preparations and analysis
2.3.1. Spatial and temporal sampling

On the spatial dimension, stratified systematic sampling was adopted to extract
pixels for modeling and cross validation. Stratified systematic sampling can effectively reduce spatial autocorrelation and ensure the independence of pixel
samples. About one-twentieth of the total number of pixels in the UCRB was
determined to be extracted. The sample size allocated to each phenoregion was
calculated using Neyman allocation (Neyman 1934):
Np SDp
np 5 n P
,
Ni SDi

(1)

i

where np is the sample size of phenoregion p, n is the total sample size, Np is the
number of pixels of phenoregion p, and SDp is the standard deviation (heterogeneity) of phenoregion p. For each phenoregion, the sampled pixels were randomly
divided into two sets: pixel sample one and pixel sample two. On the temporal
dimension, values in odd years and in even years for the two pixel samples were
extracted separately, creating four datasets (Figure S3 and Figure 1). Values of
pixel sample one in odd years were used for model development (as training data).
The other three datasets were used in temporal, spatial, and spatiotemporal cross
validations (Fouillet et al. 2007; Muñoz-Díaz; Rodrigo 2006).
2.3.2. Outlier exclusion

The residual noise exists in the strictly preprocessed eMODIS NDVI product due
to cloud contamination and poor atmospheric conditions. The noise tends to depress NDVI values. An iterated Savitzky–Golay filtering by Chen et al. (2004) was
adopted to reconstruct the high-quality NDVI time series by approaching to the
upper NDVI envelope progressively. The data points in the original NDVI time
series that are far below the reconstructed time series are very likely to be less
reliable and were thereby considered outliers and excluded from modeling.
2.3.3. Identification of phenophases

The purpose of phenophase identification is to partition a year into different
temporal segments, during each of which the environment–vegetation relationships
are expected to be more homogeneous. A diagram of the phenophase identification
in a specific phenoregion is shown in Figure 3. The high-quality reconstructed
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Figure 3. Diagram of phenophases identification.

NDVI time series of pixel sample one were averaged to compute the phenoregional
mean time series, which can characterize the phenological cycle of that phenoregion as an integrated entity. A seasonal trend decomposition procedure based on
Loess (STL; Cleveland et al. 1990) was adopted to decompose the phenoregional
mean time series into three components: the trend component, the seasonal component (the cyclical component that roughly repeats itself at a certain frequency,
representing seasonality), and the remainder. The identification of phenophases
was conducted using the annual seasonal component. The annual seasonal component was smoothed using the Savitzky–Golay smoothing filter to further reduce
noise and to achieve local monotonicity for derivation of reasonable phenophase
onset dates. The NDVI values of the annual seasonal component were converted to
NDVI ratio values (Kogan 1990) ranging from 0% to 100%:
NDVIratio (t) 5

NDVIt 2 NDVImin
,
NDVImax 2 NDVImin

(2)

where NDVIratio (t) is the NDVI ratio at time t, NDVIt is the NDVI value at time t,
and NDVImax and NDVImin are, respectively, the annual maximal and minimal
values. The NDVI ratio normalizes for differences between different vegetation
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covers while retaining temporal details. Therefore, the NDVI ratio thresholding
method (White et al. 1997), as a dynamic thresholding method, was used in this
paper to identify onset dates of four phenophases [greenup, maturity, senescence,
and dormancy as described in Zhang et al. (2003)] in different phenoregions. The
20% and 80% of NDVI ratio were used as the thresholds, which can effectively
avoid the mistaken use of the snowmelt onset as the greenup onset (Jonsson and
Eklundh 2002; Shen et al. 2014; Tang et al. 2015; Van Leeuwen 2008; Yu et al.
2010). The phenophases were formed as a four-level categorical variable to partition the data space into subregions along with other independent variables. Different relationships can be modeled for different phenophases by including the
variable of phenophases in a MARS model.
2.3.4. Reduction of nonvegetative effects

This paper focuses on plant phenology, so it is necessary to reduce nonvegetative
effects on the data to avoid biased analysis and modeling results. First, the layer of
sampled pixels was overlaid on the 30-m, GAP, land-cover map to derive the
percentage of three level-one classes of ‘‘human land use,’’ ‘‘aquatic,’’ and ‘‘sparse
and barren systems’’ combined; sampled pixels with a combined percentage of
more than 50% were identified as nonnaturally vegetated pixels and were thereby
excluded. Second, NDVI values of sampled pixels that were marked as snow in the
eMODIS–NDVI images were removed. Third, NDVI values of sampled pixels
below 0.1 were considered to contain no meaningful information in the context of
plant phenology and were also removed.
2.3.5. Dependent and independent variables

Table 1 shows all 147 independent variables and their abbreviations. These
independent variables were selected based on the environment–vegetation relationships summarized in the literature.
The NDVI values of different 7-day intervals were used as the dependent variable of phenomodels to represent vegetation abundance. The antecedent NDVI
values (NDVI_1), that is, the correspondent NDVI values of previous 7-day
composites relative to the dependent variable, were included in the models as one
of the independent variables because the antecedent status of vegetation influences
the current environment–vegetation relationships (Ji and Peters 2004; Piao et al.
2006). By including the lagged dependent variable (LDV), the models were
specified as dynamic models to represent how past NDVI values gradually develop
into current NDVI values as influenced by the environment.
Temperature, precipitation, and light directly ‘‘drive’’ plant development (Fitter
et al. 1995; Peñuelas et al. 2004; Prins and Loth 1988; Reed et al. 1994; Sparks and
Carey 1995; Sparks et al. 1997; Sparks et al. 2000; White et al. 1997) and thereby
are referred to as environmental drivers in this paper.
Temperature is one of the major factors that control plant activity, phenological
cycles, and plant distribution (Badeck et al. 2004; Fitter et al. 1995; Sparks and
Carey 1995; Sparks et al. 2000). In general, higher temperatures within the optimal
temperature range can accelerate plant development, leading to earlier phenophase
onsets. Common temperature measures include mean (TMEAN), minimum
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(TMIN), and maximum temperature (TMAX; Schwartz 2003b). The weekly temperature difference (TDIFF) was also included as one of the independent variables
because it has a favorable effect on plant growth (Larcher 2003). Growing degree-days
(GDD) is another common temperature measure used in phenological research. Some
studies used besides a base temperature an upper temperature threshold in the calculation of GDD because there is also a heat limit beyond which plant development
will stop or become much slower. The accumulated growing degree-days (AGDD)
accumulate the GDD from a consistent starting date. Some studies indicated that
AGDD is linearly related to plant growth and development (Miller et al. 2001;
Villordon et al. 2009). Therefore, GDD, GDD with an upper threshold (GDDu),
and the accumulated values of these two variables (AGDD and AGDDu) starting
from the first day of each year were also included. TMAX and TMIN were
extracted directly from Ecocast data, and other temperature variables were calculated based on TMAX and TMIN.
The relationship between precipitation and plant growth is complicated because
the amount of water and how water is used is dependent on precipitation forms
(rain or snow), soil conditions, vegetation types, phenophases, and evapotranspiration activities influenced by temperature and such. Although temperature has
much greater influence on plant phenology during most of the time and at most
locations, precipitation is of greater importance in moisture-limited regions because water stress strongly restricts phenological development and plant production (Bruns et al. 2003; Lambers et al. 2008; Moulin et al. 1997; Peñuelas et al.
2004; Pickup et al. 1994; Reed et al. 1994). The variables of precipitation (PRCP)
were extracted from Ecocast data.
Many phenological events are associated with light as a signal (Sharma 2005;
Srivastava 2002; Timmermans 2010). Both the intensity and duration of light influence plant development, so solar radiation (SRAD) from Ecocast data and
photoperiod (PTPD) calculated using latitude and day of year were included in the
light category. Solar radiant energy (SRE), the product of SRAD and PTPD, was
also included.
It has been shown that vegetation responds to all environmental drivers in a
lagged way, and the length of the lag is generally longer for precipitation as
opposed to temperature and light (Cui et al. 2009; Davenport and Nicholson
1993; Estrella et al. 2007; Gessner et al. 2013; Menzel 2003). Antecedent values
of environmental drivers are important factors influencing the timing of phenophases. Based on the lag time recorded in literature, temperature and light variables were chosen to lag 1 to 10 weeks and precipitation variables were chosen to
lag 1 to 20 weeks to account for the lagged responses of vegetation. The antecedent NDVI and variables of environmental drivers were named with suffixes of
the number of lags in weeks (such as TMAX_1 through TMAX_10).
As opposed to environmental drivers, environmental factors are time-invariant
variables. As part of the physical settings, they moderate the influence of environmental drivers on the 7-day vegetation dynamics and account for the interpixel
and interphenophase difference of environment–vegetation relationships. The effects of landscape, specifically elevation, slope, and aspect, on vegetation are very
pronounced in the natural environment (Batanouny 2001; Campbell 1974; Henebry
2003; Schuster et al. 1989; Sharma 2005). Soil characteristics cause plant growth
and distribution to vary (Waugh 2000). Phenology exhibits a latitudinal gradient
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due to the influence of latitude on light and temperature (Ahrens 2007; Jorgensen
2009; Van Dyke 2008). Environment–vegetation relationships also vary among
phenophases and vegetation types (Larcher 2003; Pfafflin and Ziegler 2006;
Pugnaire and Valladares 1999; Wielgolaski and Inouye 2003). Topographic
variables, soil conditions (SVI), phenophases (SEASON, formed as a four-level
categorical variable), latitude (LAT), and the GAP level-one land cover (GAP)
were therefore included as independent variables. The long-term averages
and seasonal variations of temperature and precipitation (MEAN_TMAX,
MEAN_TMIN, GS_TMAX, GS_TMIN, TEMP_STD, MEAN_PRCP, GS_PRCP,
and PRCP_STD) characterize local climatic patterns and are determinant factors
of the spatial distribution of vegetation cover and vegetation density (Suzuki et al.
2000; Walter and Wieser 1973; Whittaker 1970; Woodward 1987). They were
also included as an important part of environmental factors. The growing season
was defined as from the greenup onset to the dormancy onset. Categorical variables are marked in bold font in Table 1.
2.4. Development of phenomodels
2.4.1. Multivariate adaptive regression splines

In reality, vegetation–environment relationships are complex. They vary across
locations and seasons. The interaction between variables further complicates the
relationships. The complex relationships are extremely difficult to quantify. The
MARS approach was adopted in this research to conduct model development.
MARS is a nonparametric regression technique that has been applied to model
complex relationships and deal with high dimensions of independent variables
(Balshi et al. 2009; Chou et al. 2004; Friedman 1991). MARS does not require
assumptions about the linear relationships between the dependent and independent
variables. Instead, MARS is composed of a series of ‘‘basis functions’’ that model
the relationships within different subregions of data space. Essentially, MARS is an
extension to the linear regression in the form of piecewise regression. The piecewise nature of MARS makes it especially appropriate in modeling the complex
vegetation–environment relationships. MARS performs well in dealing with large
datasets, making it a suitable modeling approach in the context of remote sensing
phenomodeling.
The MARS model takes the form of
Y 5 b0 1

k
P

bi Bi (X),

(3)

i51

where Y is the dependent variable, Bi (X) is a basis function, and k is the number of
basis functions included in the MARS model. A basis function Bi (X) (Figure S4) is
a two-sided truncated function (main effects) or the product of several truncated
functions (interaction terms) in the form

x 2 c, if x . c
max(0, x 2 c) i:e:,
,
(4)
0,
otherwise
or
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(5)

or
max(0, xi 2 ci ) 3 max(0, xj 2 cj ),

(6)

where x is an independent variable and c is the location of the ‘‘knot’’ or breakpoint. Adjacent splines are connected smoothly at the knot, resulting in the flexibility of MARS to represent complex relationships.
The development of MARS models includes two phases: the forward and the
backward pass. The forward pass tends to build an overfit model as with other
nonparametric models due to their adaptability. The backward pass then uses
pruning techniques to simplify the model and increase the performance of its
generalization to the prediction of new datasets. The two passes ensure that the
most important environmental drivers and factors as well as their interactions were
selected within respective subregions in the data space (Friedman 1991; Friedman
and Roosen 1995).
MARS has been successfully used in building statistical models for prediction
and classification in many fields. Balshi et al. (2009) used MARS to predict burned
area; Leathwick et al. (2006), Elith and Leathwick (2007), and Stohlgren et al.
(2010) uses MARS to predict and model species distribution. Despite all the advantages and the suitability of MARS to model the complex vegetation dynamics,
few studies have used it in phenological predictions. This research is among the
first attempts to use MARS in phenomodeling.
2.4.2. Modeling procedure

The environmental drivers and factors are highly correlated, referred to as
multicollinearity. Although MARS is robust to the violation of many assumptions required by ordinary multivariate regression models, multicollinearity is a
serious concern. This research used a variance inflation factor (VIF)–based
approach to iteratively remove variables until the VIF values of all remaining
independent variables are below 10. The multicollinearity was thereby greatly
reduced by feeding only a subset of all independent variables into the MARS
models.
Values of pixel sample one in odd years were used as the training data to build
phenomodels. MARS models were built using the package ‘‘Earth’’ in R (R Core
Team 2015). Figure 4 shows how values were extracted from images of environmental factors and images of NDVI and environmental drivers on all dates in odd
years and used as dependent and independent variables in the phenomodels. A
unique phenomodel was built for each of the nine phenoregions using the MARS
approach.
All variables were divided into two categories: The first category includes all
time-variant environmental drivers. This category directly drives the development
of vegetation abundance from NDVI_1 to NDVI within 1 week. Variables in this
category also influence how vegetation responds to other variables within this same
category. The other category includes the time-invariant environmental factors and
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NDVI_1. These variables adjust the influence of variables in the first category on
plant development. Therefore, the phenomodels take the form:
NDVI 5

P
i

1

ai EDi 1
P

P

bi EDi 3 EFj 1

ij

di EDi 3 NDVI_1 1

i

P

i6¼j
P

ci EDi 3 EDj

ij

ei EFi 1 f 3 NDVI_1 1 e,

(7)

i

where ED represents environmental drivers and EF represents environmental
factors. The practical meaning can be more clearly seen if we change the equation
above to
!
P
P
P
P
NDVI 5
ai 1
bi EFj 1
ci EDj 1
di 3 NDVI_1
i

3

P

ij

EDi 1

i

P

j

i

ei EFi 1 f 3 NDVI_1 1 e.

(8)

i

The first component in (8) indicates the influence of a specific environmental driver
EDi on the development of vegetation abundance from the value of NDVI_1 to the
value of NDVI. This influence is dependent on the NDVI value in the previous
week
environmental
factors,
and other environmental drivers, explicitly
P
P
P
P (NDVI_1),
( i ai 1 ij bi EFj 1 j ci EDj 1 i di 3 NDVI_1). Statistically, this expression
(the influence of EDi on the 7-day vegetation dynamics) is composed of the main
effect as well as the effect moderated by environmental factors, other environmental drivers,
Pand NDVI_1 in the order they appear in the expression. The second
component ( i ei EFi ), statistically the main effect of the environmental factors,
works as the minor adjustment on NDVI accounting for the interpixel and interphenophase difference of the environment–vegetation relationships.
The performance of the phenomodels built using MARS was quantified by two
measures: R2 and the standard error. The R2 quantifies the amount of variance in
the dependent variable that can be accounted for by the independent variables in
the model specification. The standard error measures the accuracy of the model
by quantifying the mean deviation of the fitted values from the observed values.
2.5. Model validations
2.5.1. Cross validation

Cross validation applies the models in other independent datasets in order to
assess the models’ performance and prediction accuracy. For each phenoregion, the
model was applied on values of pixel sample two in odd years for spatial cross
validation, on values of pixel sample one in even years for temporal validation, and
on values of pixel sample two in even years for spatiotemporal validation. The
three kinds of cross validation were adopted to avoid overfitting and to ensure the
models can be generalized both temporally and spatially.
For each type of cross validation in a phenoregion, two measures of fit were used
to quantify how accurately the phenomodels predict. Root-mean-square error
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Figure 4. Transformation from the pixel sample to modeling data (training data).

(RMSE) measures differences between predicted values and observed values
(prediction errors). RMSE is calculated as
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
(9)
RMSE 5 E[(Ypred 2 Yob )2 ],
where Ypred is the predicted value, and Yob is the observed value. The coefficient of
variation (CV), or the RMSE normalized to the mean of the observed values, is a
relative measure of prediction accuracy and is independent of the unit of the dependent variable. The CV is calculated as
CV 5

RMSE
.
Yob

(10)

The CV is usually expressed as a percentage, which makes it easier to compare the
accuracy of the models across different phenoregions and datasets.
2.5.2. Field validation

The field validation is to ensure that the phenomodels are capable of practical
application. For ease of repeated spectral measurements for weeks, field work was
conducted in a region west of Duchesne, Utah, clustered with patches of different
phenoregions. Three field sites within an acceptable distance to major roads were
selected respectively from three phenoregions (phenoregions 2, 8, and 9). Consistent per week spectra measurements were conducted at three field sites from late
April to early June 2011, using an analytical spectral device (ASD) full-range field
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spectrometer. At each field site, a 45-m-long transect with randomly extending
direction was selected in order to make sure that the average NDVI measured along
this transect could represent the NDVI of the 1-km2 pixel the field site is in. During
each measurement, spectra of 16 points equally distributed along the 45-m transect
every 3 m were measured five times at nadir. The field sites in phenoregions two
and eight were measured consecutively for seven weeks: 27 April, 4 May, 13 May,
21 May, 27 May, 3 June, and 10 June 2011. The field site located in phenoregion
nine was covered by snow until 21 May, so it was only measured for four weeks,
from 21 May to 10 June 2011. The measurements on 21 May 2011 were less
reliable because of the overcast sky and variant light conditions and therefore are
excluded from field validation. In spectra processing, the radiance data were
converted to reflectance, and NDVI was calculated using the averaged reflectance
over the MODIS spectral response function for the red band (620–670 nm) and
near-infrared band (841–876 nm), consistent with the range of bands one and two
of MODIS.
The Daymet data were used as a substitute data source of Ecocast data for
providing the environmental drivers. The 1-km daily Daymet dataset was either
averaged (solar radiation and maximum and minimum temperature) or accumulated (precipitation) over the seven 7-day intervals of field measurements. The field
measured NDVI serves as the dependent variable of NDVI during these 7-day
intervals as well as the independent variable of antecedent NDVI during the
corresponding previous 7-day intervals. The predicted NDVI values were
compared with the field measured NDVI values. Similarly with cross validation, the prediction power of the models can also be quantified using the RMSE
and CV.

3. Results and discussion
Nine phenological predictive models were built for the nine phenoregions in
UCRB, respectively, using the MARS approach. Table 2 shows the values of R2 and
standard error of the phenomodels in the nine phenoregions. All nine MARS
models have good performance with a range of the largest R2 of 97.22% in phenoregion 6 and the lowest R2 of 91.62% in phenoregion 1. This indicates that for all
models, a very high percentage of variances in NDVI can be explained by the
antecedent NDVI and the phenoregion-specific set of environmental drivers and
factors. All nine models also have high accuracy as indicated by the standard
errors.
3.1. Validation results
The results of cross validation as quantified by RMSE and CV are shown in Table 3.
The RMSE values of all models are close to their respective standard errors, indicating
the successfulness of the models in generalization to temporally and spatially independent data in respective phenoregions. The CV values enable the comparison of
prediction accuracy across phenoregions. Table 3 shows that phenoregion 4 has the
best performance in all three types of cross validation, followed by phenoregions 3, 6,
and 7.
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Table 2. The R2 and standard error of phenomodels in the nine phenoregions.
Phenoregion

No. of cases for modeling

R2

Standard error

1
2
3
4
5
6
7
8
9

85 673
85 948
14 922
13 742
31 348
80 060
23 960
69 174
53 111

91.62%
95.25%
95.40%
96.13%
93.54%
97.22%
96.23%
95.94%
96.65%

0.016
0.019
0.035
0.034
0.016
0.028
0.034
0.022
0.025

The RMSE and CV values of the field validation (Table 4) tend to be slightly
larger than those of the cross validation in phenoregion 2, while those are smaller in
phenoregions 8 and 9. This difference is the combined results of different data
sources’ (Daymet instead of Ecocast), errors during field measurements and the
representativeness of point samples of areal coverages of satellite pixels. The
RMSE and CV values of the field validation in all three phenoregions are within
reasonable ranges as compared to those in cross validation in spite of the difference.
As indicated by the results of cross validation and field validation, the MARS
models have comparably high accuracy when applied in new independent datasets
and in practical applications.
3.2. Influence of environmental variables on vegetation dynamics
The MARS models include a range of 8 to 13 independent variables in different
phenoregions (Table 5). The variable of antecedent NDVI ranks first in all phenoregions because the current NDVI values are developed from the past NDVI
values as influenced by the environment.
Temperature variables are included in the models of all nine phenoregions. The
variables of accumulated growing degree-days (AGDD and AGDDu) are of greater

Table 3. The RMSE of the temporal, spatial, and spatiotemporal cross validations in
the nine phenoregions.
Temporal cross
validation

Spatial cross
validation

Spatiotemporal
cross validation

Phenoregion

Standard error

No. of
cases

RMSE

CV
(%)

No. of
cases

RMSE

CV
(%)

No. of
cases

RMSE

CV
(%)

1
2
3
4
5
6
7
8
9

0.016
0.019
0.035
0.034
0.016
0.028
0.034
0.022
0.025

59 897
60 759
10 320
8567
24 369
62 289
16 963
55 058
44 070

0.016
0.020
0.039
0.037
0.017
0.029
0.034
0.022
0.025

8.2
9.1
8.1
6.6
7.9
7.9
7.7
8.9
8.1

98 648
88 826
15 032
13 909
37 895
81 451
24 052
73 051
62 447

0.016
0.018
0.035
0.034
0.017
0.028
0.034
0.023
0.026

8.1
8.9
7.3
5.9
7.8
7.1
7.2
8.5
7.7

70 638
61 944
10 129
8812
28 430
62 273
17 258
60 503
52 828

0.017
0.020
0.039
0.037
0.017
0.029
0.035
0.023
0.027

8.3
9.3
8.3
6.5
8.0
7.8
7.8
9.1
8.2
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significance than weekly temperature variables (e.g., TMAX, TMIN and GDD)
according to the variable importance rankings shown in Table 5 and Tables S2
through S10. This indicates that temperature, especially accumulated temperature,
is very important in accounting for 7-day vegetation dynamics. Precipitation variables are included in the MARS models in seven out of nine phenoregions. The
ranks of precipitation variables are generally lower than those of temperature
variables. This indicates that the temporal variance in precipitation is not as important as that in temperature in driving plant growth and development. Precipitation variables at much shorter lags (1 to 5 weeks) and much longer lags (16 to 20
weeks) appear to be more important in the UCRB than those at intermediate lags,
since only phenoregions 1 and 5 include the latter type into their phenomodels
(PRCP_10 for phenoregion 1 and PRCP_7 for phenoregion 5). The UCRB contains
both fast-responding, shallow-rooted shrubs and grasses and slow-responding
forest and deep-rooted shrubs. Soil permeability plays an important role influencing root-zone soil moisture available for slow-responding vegetation (Yang
et al. 1997). Phenoregions 1 and 5 have higher soil permeability (USGS 1997), so
rainfall can reach the soil faster, resulting in the inclusion of precipitation at intermediate lags in the phenomodels. Light variables are also considered important
in plant development but are less commonly included in equivalent models in
literature. The SRAD variables are the only kind of light variables that are included
in phenomodels. Most of the PTPD and SRE variables are removed because of
multicollinearity beforehand.
Latitude is one of the most important environmental factors because it is included in five models and has higher ranks than temperature variables in phenoregions 1 and 5. Phenoregions 1 and 5 cover a larger range of latitudes, requiring the
inclusion of LAT to explain the spatial variation of environment–vegetation relationships. Phenophase (SEASON) is also a very important environmental factor,
included in models of all phenoregions except for phenoregion 1. Three categories
of phenophases are included in phenomodels. The category maturity is included in
seven out of nine phenoregions, indicating a different environment–vegetation
relationship in the maturity phase. However, this does not indicate that the vegetation–
environment relationships are consistent in other phenophases. The application of
MARS, by modeling different relationships within different subregions of data
space, partly accounts for the temporally variant relationship and weakens the influence of phenophases as shown in models. Long-term averages and seasonal variations
of environmental drivers are also very important, with mean annual NDVI
(MEAN_NDVI) being the most important one. MEAN_NDVI is included in models
of all phenoregions with high ranks. This indicates that the plant development as
influenced by environmental drivers is greatly affected by the spatial variation of
vegetation abundance.
It can be observed from the results that vegetation responds faster to environmental drivers in dryer phenoregions and phenoregions with more shrubland and
grassland (Tables 5 and S1, and Figures S1 and S2). This is inferred from the fact
that environmental drivers at shorter lags are more likely to be selected to enter the
model in such phenoregions. For example, temperature variables at shorter lags are
more important in phenoregions 1, 5, and 6; precipitation variables at shorter lags
are considered more important in phenoregions 1, 5, and 7. Also, some phenoregions containing more shrubland (such as phenoregion 5) include both
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Table 4. The RMSE and CV of field validation.
Phenoregion

RMSE

CV

2
8
9

0.028
0.015
0.016

9.1%
5.6%
4.8%

environmental drivers at shorter and longer lags. This is probably caused by the
mixed species of slow-responding forest and deep-rooted shrubs and fastresponding, shallow-rooted shrubs and grasses.
Environmental drivers are found to be more important in phenoregions where
they are limiting factors. Precipitation is more important in moisture-limited
phenoregions such as phenoregions 1 and 5 (Table S1), which have both the largest
number of precipitation variables and main-effect precipitation variables. Temperature is more important in cooler phenoregions. For example, the phenoregions
3, 4, 6, and 7 with lower temperatures (Table S1) have the main-effect temperature
variables. Solar radiation is more important in phenoregions 2, 3, 4, and 7. These
phenoregions generally have a significant portion located in the northern part of the
UCRB as compared with other phenoregions and therefore receive less solar radiation.

4. Discussion and conclusions
This research developed a modeling framework to make short-term phenological
predictions for the geographically diverse UCRB. A key component of phenomodeling is the simulation of the vegetation responses under different combinations of environmental drivers and factors, so that the model performs well across
time and location. The MARS modeling technique is used in this research to build
more realistic representations of the 7-day vegetation dynamics as influenced by
environmental variations. The good performance of phenomodels in nine phenoregions in the UCRB with different physical settings demonstrates the success of
MARS in making accurate, short-term, phenological predictions in regions with
various environmental conditions.
4.1. Applicability and restrictions of MARS modeling framework
The MARS modeling framework uses the geographically diverse UCRB as the
study area, so it can generalize to other regions without or with only minor
modifications. The list of candidate variables used in this research was summarized
from literature on various regional settings and therefore makes a comprehensive
set. The MARS modeling approach is flexible enough to select the most important
variables and to approximate complex vegetation–environment relationships.
Therefore, the phenoregion delineation plus the MARS modeling framework
presented in this research can also be applied to other geographically diverse regions and to homogeneous regions with different physical settings.
The complexity of the responses of vegetation to the environment in the UCRB
results in the advantages of more flexible MARS over ordinary linear regression. MARS does not assume linear relationships, normal distribution, and
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1

NDVI_1
MEAN_NDVI
LAT
AGDD_1
PRCP_1
PRCP_10
PRCP_18
ELEV
AGDDu_5
TMIN_1
TMIN_4
—
—

1
2
3
4
5
6
7
8
9
10
11
12
13

NDVI_1
AGDD_10
MEAN_NDVI
SRAD_6
GDDu_7
SEASON2
GS_PRCP
PRCP_1
—
—
—
—
—

2
NDVI_1
AGDD_10
SEASON2
SRAD_8
MEAN_NDVI
GDDu_2
PRCP_20
GDD_1
GDDu_7
LAT
SRAD_10
TMIN_3
—

3
NDVI_1
AGDD_10
GDDu_2
SRAD_6
MEAN_NDVI
LAT
SEASON4
PRCP_16
GS_TMIN
PRCP_1
GDDu_4
TMIN_1
—

4
NDVI_1
MEAN_PRCP
LAT
AGDD_4
MEAN_NDVI
MEAN_TMIN
SEASON2
TMIN_1
AGDD_10
PRCP_2
PRCP_7
PRCP_16
PRCP_5

5
NDVI_1
AGDD_10
GS_PRCP
MEAN_NDVI
MEAN_TMAX
SEASON2
SRAD_4
TMIN_3
GDDu_1
—
—
—
—

6

NDVI_1
AGDD_10
SRAD_1
MEAN_NDVI
TMIN_1
GS_PRCP
GDDu_2
PRCP_1
GAP4
SEASON2
—
—
—

7

NDVI_1
AGDD_6
MEAN_NDVI
MEAN_PRCP
SEASON2
AGDD_10
SEASON3
LAT
TEMP_STD
—
—
—
—

8

NDVI_1
MEAN_TMAX
AGDDu_10
MEAN_NDVI
SEASON2
PRCP_19
TMIN_10
AGDD_6
—
—
—
—
—

9

d

Rank

Phenoregion

Table 5. The independent variables of MARS models in the nine phenoregions in the descending order of importance. SEASON2
indicates phenophase maturity, SEASON3 indicates phenophase senescence, SEASON4 indicates phenophase dormancy, GAP4
indicates land-cover class of forest and woodland systems, and the suffixes of the number indicate lags in weeks.

Earth Interactions
Volume 21 (2017)
d

Paper No. 1
d

Page 20

Unauthenticated | Downloaded 01/09/23 04:36 AM UTC

Earth Interactions

d

Volume 21 (2017)

d

Paper No. 1

d

Page 21

homoscedasticity of residuals. It can approximate any kind of relationships using
basis functions driven by data. MARS is easily interpretable, as with linear regression. MARS is much faster than other nonlinear regression methods, while
predictive performance of MARS is comparable to nonlinear methods (Elith and
Leathwick 2007).
Valid use of the MARS approach requires a very large number of observations.
Second, the confidence intervals of parameters cannot be calculated directly for
MARS models, and certain validation techniques are required to validate the
models. Therefore, the MARS modeling is not the optimal approach when the
number of observations is small and when field validation cannot be conducted.
4.2. The dependent variable of phenomodels
Rather than phenophase onset dates, the models developed in this paper predict
vegetation abundance (as indicated by NDVI) 7 days in the future (Boke-Olén et al.
2016; Hermance et al. 2015; Jolly et al. 2005). This can greatly reduce the uncertainty introduced by variant NDVI time series smoothing methods and phenophase onset date extraction methods. Repetitive predictions of NDVI can form
continuous vegetation abundance estimates throughout the year. The phenophase
onset dates predicted by traditional phenomodels can be derived by thresholding
the predicted NDVI.
4.3. Contributions
This research substantiates phenological theory by disentangling the complex and spatiotemporally variant environment–vegetation relationships. It
evaluates impacts of single and multiple environmental variables on 7-day
vegetation dynamics in different phenoregions and phenophases. The results
showed that faster response of vegetation can be observed in dryer phenoregions and phenoregions with more shrubland and grassland. Environmental
drivers are more important in phenoregions where they are limiting factors.
Vegetation responds to the environment in a much more different way in the
phenophase of maturity. Methodologically, a multilayer and multifaceted
modeling framework was designed to make accurate short-term predictions of
vegetation abundance in geographically diverse regions. The modeling
framework can deal with the curse of dimensionality, flexibly model complex
environment–vegetation relationships, and can be applied to other regions. The
more accurate short-term vegetation abundance prediction can assist with many
fields, such as fire risk assessment, rangeland management/livestock grazing,
agriculture, and ecology (Castro et al. 2003; Hodges 1991; Post and Inouye
2008; White and Nemani 2006).
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