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Abstract: Vegetation phenology plays a pivotal role in regulating several ecological processes and
has profound impacts on global carbon exchange. Large-scale vegetation phenology monitoring
mostly relies on Low-Earth-Orbit satellite observations with low temporal resolutions, leaving gaps
in data that are important for monitoring seasonal vegetation phenology. High temporal resolution
satellite observations have the potential to fill this gap by frequently collecting observations on a
global scale, making it easier to study change over time. This study explored the potential of using
the Earth Polychromatic Imaging Camera (EPIC) onboard the Deep Space Climate Observatory
(DSCOVR) satellite, which captures images of the entire sunlit face of the Earth at a temporal
resolution of once every 1–2 h, to observe vegetation phenology cycles in North America. We assessed
the strengths and shortcomings of EPIC-based phenology information in comparison with the
Moderate-resolution Imaging Spectroradiometer (MODIS), Enhanced Thematic Mapper (ETM+)
onboard Landsat 7, and PhenoCam ground-based observations across six different plant functional
types. Our results indicated that EPIC could capture and characterize seasonal changes of vegetation
across different plant functional types and is particularly consistent in the estimated growing season
length. Our results also provided new insights into the complementary features and benefits of
the four datasets, which is valuable for improving our understanding of the complex response of
vegetation to global climate variability and other disturbances and the impact of phenology changes
on ecosystem productivity and global carbon exchange.
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1. Introduction

The capability to accurately observe vegetation phenology (i.e., seasonal greening and browning)
cycles allows us to understand how these cycles are changing in time and space due to climate,
urbanization, and other natural and anthropogenic influences [1–4]. This is important for understanding
associations between the environment and public health [5,6], maximizing crop production [7],
and managing ecosystems [8], amongst other applications. Acquiring vegetation phenology
observations on a local, national, and even global scale is difficult due to the heterogeneity of vegetation,
a large quantity of data that needs to be collected for all-encompassing conditions, and geographic
barriers, which creates a gap in the amount of information that is available.

One of the primary ways to overcome these limitations is with remote sensing of Earth from space.
For decades, vegetation phenology data has been gathered through remote sensing by Earth-observing
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satellites due to their ability to continuously monitor, store, and create large-scale observational
records [9–11]. Previous studies have successfully used vegetation indices estimated from remote
sensing observations to derive vegetation phenology indicators [12,13]. Despite being more
comprehensive than in-situ observations, the current satellites/sensors that are widely used for
this purpose (e.g., the Moderate-resolution Imaging Spectroradiometer (MODIS) onboard Terra
and Aqua, Enhanced Thematic Mapper (ETM+) onboard Landsat) have low temporal resolutions
(i.e., once every 8 days or longer due to cloud contamination), which is a shortcoming, leaving major
voids in required data. This lack of observations is worse for some regions and ecosystems during
key phenological stages. Therefore, a global remote sensing source with a high temporal resolution is
desired [12]. For example, more advanced geostationary satellites with the high temporal resolution,
such as Himawari-8 and Meteosat Second Generation (MSG), have been found to have the potential to
fill this temporal gap and improve monitoring of vegetation phenology [14,15].

Nevertheless, the spatial coverage of geostationary satellites is confined to certain regions due
to their orbital geometry/constraints. Additional efforts of fusing multiple geostationary satellite
observations are necessary, with due consideration to their sensor to sensor differences and required
cross-calibration, for developing globally consistent vegetation phenology datasets. In contrast,
the Earth Polychromatic Imaging Camera (EPIC) observations from the Deep Space Climate Observatory
(DSCOVR) satellite, which has 1–2 h temporal resolution and global coverage, offer a great opportunity
to fill the existing void in high temporal resolution observations of vegetation phenology from space.
The DSCOVR satellite is a partnership between the National Aeronautics and Space Administration
(NASA), National Oceanic and Atmospheric Administration (NOAA), and United States Air Force
(USAF) and was launched into space on 11 February 2015, with a planned five-year mission life.
DSCOVR orbits at the Sun-Earth Lagrange point 1, where the gravitational forces from the Sun and
Earth equal the centrifugal force felt by the satellite, allowing DSCOVR to essentially be parked
in space. The EPIC instrument onboard DSCOVR is unique from other remote sensing devices
due to its temporal resolution and global coverage. The orbital geometry of the DSCOVR satellite,
together with EPIC focal plane length, provide images of the entire sunlit face of the Earth at 10 km
spatial resolution and 1–2 h temporal resolution. This combination of spatial and temporal resolution
is unique compared with other commonly used sensors/satellites for phenology observations [16].
DSCOVR/EPIC observations have been used to estimate leaf area index [17] and surface downward
solar radiation globally [18]. In comparison, the MODIS reflectance product has a spatial resolution
of 500 m and temporal resolution of 1 to 2 days, but its images are frequently affected by cloud and
aerosol [19]; while the Landsat 7 product has a higher spatial resolution of 30 m but a coarser temporal
resolution of 16 days, at best [20].

The purpose of this study was to explore the ability of EPIC observations to monitor vegetation
phenology. The knowledge gained by evaluating EPIC’s ability to observe seasonal changes in Earth’s
vegetation phenology and its changes compared to MODIS and Landsat will provide additional
capability and insight for obtaining and using vegetation phenology for a variety of uses and provide
some insight on where such application is most beneficial. Near-surface observations from the
PhenoCam network [21,22] are used as the reference ground-truth benchmark. This paper is organized
as follows: Section 2 describes the study sites, datasets, and methodology; Section 3 presents the
results of the study; Section 4 provides a discussion about the advantages and disadvantages of EPIC
for estimating vegetation phenology and some potential sources of uncertainties; Section 5 presents
the conclusions.

2. Material and Methods

2.1. Study Sites and Datasets

To investigate the strengths and weaknesses of EPIC to observe phenology cycles for various
vegetation types, we used a combination of ground measurements (PhenoCam), Landsat, and MODIS,
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and 176 study locations/sites around North America were chosen based on the existing network of
PhenoCam sites. PhenoCam is an open-access ecosystem phenology camera network with 393 sites
worldwide, and all of its pictures and derived data are available to the public free of charge. PhenoCam
allows near-surface remote sensing without cloud and atmosphere interference across 10 vegetation
types [21]. The sites in this study were selected based on the duration of observations and quality
of data, determined by PhenoCam’s “site type” classification system. All 176 sites are classified as
“Type 1”, meaning they follow PhenoCam protocol to produce the highest quality data. All 176 sites
also had data available during the years of interest for this study (2016–2018). After removing sites with
sparse data and understory canopy views, the total number of sites with suitable data was reduced
to 92 (Figure 1). Although PhenoCam data were not available for all years at all sites, we used data
from all sites during the available years. Following these guidelines, 17 agriculture, 41 deciduous
broadleaf, 12 evergreen needleleaf, 14 grassland, 6 shrub, and 2 wetland sites were selected for this
study. Sample pictures/images of the sites are shown in Figure 2, where the PhenoCam pictures of
‘mead1’ and ‘harvardhemlock’ are green, while ‘dukehw’, ‘konza’, ‘luckyhills’, and ‘merbleue’ present
more yellow hues. ‘Merbleue’ also has an evident mix of vegetation, with trees sparsely throughout.
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July 2017. Pictures/images were obtained from the PhenoCam online gallery [21].

The EPIC intermittent observations began on 4 July 2015, and continuous observations began
in September 2015. Due to a technical issue with DSCOVR’s positioning system, the satellite
entered safe mode on 27 June 2019, but has been fully operational since 2 March 2020. For EPIC
observations, atmospherically corrected surface reflectance product was extracted from NASA’s
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EarthData platform [23], and snow and cloud contaminated pixels were removed. For Landsat and
MODIS observations, the Google Earth Engine (GEE) platform was used to extract the Landsat 7
surface-reflectance data from the United States Geological Survey (USGS) data archive [24], and MODIS
nadir Bidirectional Reflectance Distribution Function (BRDF)-adjusted reflectance data [25], for the
pixel(s) that encompass the PhenoCam site. For EPIC and MODIS, using data from January 2016
through December 2018 allowed us to observe three full seasonal vegetation cycles. For Landsat,
observations from January 2008 through December 2018 were used to calculate the long term mean for
this dataset (see details in Section 2.2).

In addition, we recognized that the scale mismatch might complicate the analysis of phenology
using observations from EPIC (10 km), MODIS (500 m), and Landsat (30 m). Therefore, we characterized
the land cover heterogeneity at each PhenoCam site with MODIS land cover product (MCD12Q1).
We used MCD12Q1 land cover type 1 data (International Geosphere-Biosphere Programme (IGBP)
classification scheme) and calculated the fraction of MODIS pixels (frac) that were located in the EPIC
10 km pixel and classified as the similar vegetation type as suggested by the PhenoCam dataset.
We defined a homogeneous site if frac>80% for a given vegetation type. Out of the 92 sites included in
this study, 36 were found to be homogeneous, and 56 were identified as heterogeneous. We specifically
used the homogeneous and heterogeneous sites to examine the scale effects on our analysis that are
presented in Section 3.4.

2.2. Estimating Phenological Indicators

We used the Enhanced Vegetation Index (EVI) to derive vegetation phenology products instead
of the Normalized Difference Vegetation Index (NDVI) due to the fact that NDVI is easily saturated
and affected by soil background as well as atmospheric aerosols, whereas EVI is less sensitive to these
effects and better depicts the vegetation signal. For example, EVI has improved sensitivity for high
biomass regions and is better suited for vegetation monitoring by minimizing the effects of the canopy
background signal and atmosphere influences [26]. We used the EVI derived from EPIC observations
from 1 January 2016, through 31 December 2018.

For the three sensors/satellites (Landsat, MODIS, and DSCOVR), the EVI is used as a measure
of the greenness of vegetation and an indicator of the phenology cycle [11,27,28]. For the in-situ
observations (PhenoCam), the Green Chromatic Coordinate (GCC) was used for our analysis as this is
the color index used by PhenoCam to process their imagery. GCC uses the mean intensity of each of
three color channels—red, green, and blue (RGB), which are stacked to make one image. Each pixel
within the image is assigned a Digital Number (DN) triplet, where the intensity of each color layer is
represented in the DN. GCC has been used as an index in several vegetation phenology studies [29]
and is computed as [22],

GCC =
GDN

RDN + GDN + BDN
(1)

where RDN, GDN, and BDN are the mean red, green, and blue DN in the image or region of interest.
We recognized that these are two different indices, and this might lead to some discrepancies

in the results. The EVI and GCC time series have different scales, but exhibit similar shapes and
patterns, which allowed us to derive and use two key phenology indicators from these independent
datasets—Start of Season (SOS) and End of Season (EOS), regardless of types of sensors/dataset,
but based on the same method as described below.

The EVI was calculated from three different sensors/satellite observations. For EPIC observations,
mean EVI was calculated for each day based on all observations from that day. For all data, we removed
snow and cloud contaminated pixels and then computed EVI as [1],

EVI = 2.5 ∗
(NIR−RED)

(NIR + C1 ∗RED−C2 ∗ BLUE + L)
(2)
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where NIR, BLUE, and RED are near-infrared, blue, and red reflectance measurements, and C1 = 6,
C2 = 7.5, L = 1 [26,30]. For the PhenoCam observations, provisional GCC data for each site was
downloaded directly from the PhenoCam website [21].

The double logistic function methodology was adopted from a previous study to derive SOS and
EOS dates for these datasets [1]. We defined SOS as the date when the first derivative of the function
reached the maximum, and EOS as the date when it reached the minimum. These definitions have
been widely used in several other similar studies [1,15,22–24]. For PhenoCam, MODIS, and EPIC,
a daily mean GCC or EVI was calculated for each Day of Year (DOY) based on all observations for that
date, respectively. Each time-series data were then fitted with the double logistic function [1];

f (t) = v1 + v2

(
1

1 + e−m1(t−n1)
−

1
1 + e−m2(t−n2)

)
(3)

where f(t) is the EVI value for a specific DOY, v1 is the background EVI level for the year, v2 is the
amplitude of EVI for the year, and m1 and n1 and m2 and n2 are a pair of parameters that detect trends
of green-up (m) and senescence (n) phases [1]. Then, SOS and EOS were derived using Equation (3),
according to their definitions. Figure 3 shows all EVI data based on EPIC observations in 2018, with best
double logistic function fit, and derived SOS and EOS values for one of the grassland sites (i.e., ‘konza’).

Landsat observations are sparse due to the temporal nature of this satellite (i.e., 8-day revisit
time) and cloud contamination, so a long-term mean [13] was calculated to improve the fitting of
the function to fewer data points. This was done by applying the double logistic function to all the
available Landsat data from 2008 to 2018, and this time series was then used to determine a 10-year
average value for SOS and EOS. The interannual variability of SOS and EOS was then determined by
the available observations for each individual year based on the methods reported in [13].

Remote Sens. 2020, 12, x FOR PEER REVIEW 5 of 19 

 

EPIC, a daily mean GCC or EVI was calculated for each Day of Year (DOY) based on all observations 
for that date, respectively. Each time-series data were then fitted with the double logistic function [1]; 

푓(푡) = 푣 +  푣 (
1

1 +  푒 ( ) −
1

1 +  푒 ( )) (3) 

where f(t) is the EVI value for a specific DOY, v1 is the background EVI level for the year, v2 is the 
amplitude of EVI for the year, and m1 and n1 and m2 and n2 are a pair of parameters that detect trends 
of green-up (m) and senescence (n) phases [1]. Then, SOS and EOS were derived using Equation (3), 
according to their definitions. Figure 3 shows all EVI data based on EPIC observations in 2018, with 
best double logistic function fit, and derived SOS and EOS values for one of the grassland sites (i.e., 
‘konza’). 

Landsat observations are sparse due to the temporal nature of this satellite (i.e., 8-day revisit 
time) and cloud contamination, so a long-term mean [13] was calculated to improve the fitting of the 
function to fewer data points. This was done by applying the double logistic function to all the 
available Landsat data from 2008 to 2018, and this time series was then used to determine a 10-year 
average value for SOS and EOS. The interannual variability of SOS and EOS was then determined by 
the available observations for each individual year based on the methods reported in [13]. 

 
Figure 3. Derived vegetation phenology indicators of Start of Season (SOS) and End of Season (EOS) 
from Enhanced Vegetation Index (EVI) for Konza Prairie (konza) study site (grassland), based on 
Earth Polychromatic Imaging Camera (EPIC) observations in 2018. The green triangle represents SOS 
at DOY = 128, and the red triangle represents EOS at DOY = 294. A similar analysis was conducted 
for the other 96 study sites (data is not presented here). 

3. Results 

3.1. Estimation of SOS and EOS 

Our results indicated that EPIC observations, despite coarse spatial resolution of 10 km, could 
depict vegetation phenology cycles for a range of vegetation types examined in this study. We 
examined variations in the best-fit of the double logistic function [Equation (3)] for EPIC, MODIS, 
Landsat, and PhenoCam observations by vegetation type (Figure 4 and Appendix A). One site for 
each vegetation type was randomly selected, stipulating that data was available from all datasets 
during the year 2018 for that site for comparison purposes. Note that the SOS and EOS values based 
on Landsat observations were calculated based on the long-term mean (see Section 2, Materials and 
Methods). While the derived SOS and EOS values varied among the four datasets, the shape of the 
phenology curve for a vegetation type (e.g., agriculture, grassland, etc.) was typically consistent 
among the four datasets. We acknowledge the scale match between the PhenoCam view (<1 km), 
EPIC (10 km), Landsat (30 m), and MODIS (500 m); however, as shown in Figure 4, EPIC could depict 
vegetation phenology cycles, despite its lower spatial resolution, as well as MODIS and Landsat. 

Figure 3. Derived vegetation phenology indicators of Start of Season (SOS) and End of Season (EOS)
from Enhanced Vegetation Index (EVI) for Konza Prairie (konza) study site (grassland), based on Earth
Polychromatic Imaging Camera (EPIC) observations in 2018. The green triangle represents SOS at
DOY = 128, and the red triangle represents EOS at DOY = 294. A similar analysis was conducted for
the other 96 study sites (data is not presented here).

3. Results

3.1. Estimation of SOS and EOS

Our results indicated that EPIC observations, despite coarse spatial resolution of 10 km, could
depict vegetation phenology cycles for a range of vegetation types examined in this study. We examined
variations in the best-fit of the double logistic function [Equation (3)] for EPIC, MODIS, Landsat,
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and PhenoCam observations by vegetation type (Figure 4 and Appendix A). One site for each vegetation
type was randomly selected, stipulating that data was available from all datasets during the year
2018 for that site for comparison purposes. Note that the SOS and EOS values based on Landsat
observations were calculated based on the long-term mean (see Section 2, Materials and Methods).
While the derived SOS and EOS values varied among the four datasets, the shape of the phenology
curve for a vegetation type (e.g., agriculture, grassland, etc.) was typically consistent among the
four datasets. We acknowledge the scale match between the PhenoCam view (<1 km), EPIC (10 km),
Landsat (30 m), and MODIS (500 m); however, as shown in Figure 4, EPIC could depict vegetation
phenology cycles, despite its lower spatial resolution, as well as MODIS and Landsat.Remote Sens. 2020, 12, x FOR PEER REVIEW 6 of 19 
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Figure 4. Derived vegetation phenology indicators of SOS and EOS from EVI for Harvard Forest
(harvard) study site (deciduous broadleaf), based on (a) PhenoCam, (b) EPIC, (c) Landsat, and (d)
MODIS observations. The green triangles represent SOS, and the red triangles represent EOS for
each vegetation type and dataset. The y-axis scale was kept constant for Landsat, MODIS, and EPIC,
but amplified for PhenoCam for better illustration of the shape of the curve. Additional figures for the
remaining five land cover types are in Appendix A.

3.2. Overall Performance of Different Remote Sensing Observations

Figure 5 shows the spread of SOS and EOS observations by vegetation type for years 2016–2018
based on the four datasets. The four datasets generally captured the SOS and EOS dates well, especially
for deciduous broadleaf and agricultural sites as compared to other vegetation types. However, MODIS
and EPIC observations were relatively more consistent with PhenoCam than Landsat, which often
indicated a later SOS and an earlier EOS. Sites classified by PhenoCam as shrub displayed a wide
range of SOS and EOS indicators, though observations were sparse, and there was only data for six
shrub sites. The derived SOS and EOS from satellite observations were inconsistent for wetland and
evergreen needleleaf sites when compared with PhenoCam.
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SOS and EOS from Landsat, MODIS, and EPIC showed a positive correlation of varying strength
with those derived from PhenoCam observation. The three space-based observing systems captured the
SOS very well when compared with PhenoCam, with MODIS demonstrating slightly better performance
than EPIC (Figures 6a, 7a and 8a). However, EPIC appeared to perform the best in capturing EOS when
compared with PhenoCam, relative to Landsat and MODIS (Figures 6b, 7b and 8b). Landsat often
observed a later SOS and an earlier EOS than PhenoCam (Figure 6), confirming the results presented in
Figure 5. EPIC observations often indicated a later SOS compared to PhenoCam (Figure 8a). There was
a robust positive correlation between PhenoCam and the three satellite-based datasets (Figure 9) for
Growing Season Length (GSL = EOS − SOS). Overall, Landsat observations consistently suggested
a shorter GSL than the actual length observed by PhenoCam (Figure 9a), while MODIS and EPIC
observations were more consistent with PhenoCam. In particular, EPIC most accurately observed
GSL with the highest correlation coefficient and smallest Root Mean Square Error (RMSE), as seen in
Figure 9c.
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3.3. Performance of Different Remote Sensing Observations Across Different Plant Functional Types

To evaluate the performance of the three satellite-based datasets as compared with PhenoCam,
the correlation coefficient (R) for each dataset with PhenoCam was computed for SOS, EOS, and GSL
and the six vegetation types (Figure 10a–c, respectively). Figure 11 displays the RMSE of these
correlations for SOS, EOS, and GSL and the six vegetation types (Figure 11a–c).

Figure 10a, which displays the correlation of SOS observations only, shows that grassland, shrub,
and wetland sites were best captured by Landsat, agriculture and deciduous broadleaf sites by MODIS,
and evergreen needleleaf by EPIC. EPIC performed relatively well and was the most consistent for
all vegetation types, excluding wetland. Landsat showed the weakest correlation in depicting SOS
for agriculture and evergreen needleleaf sites, and MODIS had the weakest correlation for evergreen
needleleaf, grassland, and wetland sites. The EOS for grassland and shrub sites was best depicted by
Landsat; EOS for agriculture and wetland sites was best depicted by MODIS; and EOS for deciduous
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broadleaf and evergreen needleleaf sites was best depicted by EPIC (Figure 10b). EPIC performed well at
accurately detecting EOS on all vegetation types except for agriculture, while Landsat underperformed
for agriculture, deciduous broadleaf, evergreen needleleaf, and wetland sites, and MODIS did poorly
for depicting EOS for evergreen needleleaf sites. Landsat depicted the best GSL correlation for grassland
and shrub sites; MODIS showed best results for agriculture, deciduous broadleaf, and wetland; and
EPIC performed best for evergreen needleleaf sites (Figure 10c). While Landsat and MODIS had
shortcomings in observing GSL for some vegetation types, EPIC was the most consistent for all
vegetation types. All datasets had relatively high RMSE (Figure 11), with Landsat almost consistently
displaying the highest RMSE for all vegetation types except for grassland. This was possibly due
to the low number of observations and observation noise in the Landsat data that may result from
depicting land-surface heterogeneity due to higher spatial resolution, and/or due to its coarse temporal
resolution and confounding effects of seasonal and inter-seasonal changes. Note that we used the
entire Landsat data record (2008–2018) because of the sparse annual observations due to clouds.Remote Sens. 2020, 12, x FOR PEER REVIEW 9 of 19 
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3.4. Scale Effects on Derived Phenology Indicators

Due to the range of spatial resolutions among the datasets used in this study, the scale effects could
be substantial [31]. An evaluation of the homogeneity of each site was conducted to discern which
EPIC pixels are homogeneous (and, therefore, free of scale effects) by the percentage of vegetation
type present in each pixel based on the MODIS land cover type data. To understand the impact of
this spatial scale effect, Pearson correlation coefficient (R) and RMSE values were calculated for the
36 homogeneous and 56 heterogeneous sites independently.

Figure 12 displays the derived SOS from MODIS and EPIC data for homogeneous and
heterogeneous sites. The results of the combined data (all sites) are presented in Figure 7a for
MODIS, where R = 0.62 and RMSE = 23 days, and Figure 8a for EPIC, where R = 0.61 and RMSE = 26
days. Figure 12a shows that for MODIS, the R value stayed the same, while RMSE increased by one day
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for homogeneous sites. Figure 12b shows that for EPIC, the R value increased noticeably, and RMSE
increased slightly for homogeneous sites. Figure 12c shows that for MODIS, the R and RMSE values
decreased slightly for heterogeneous sites, while for EPIC, the R value decreased noticeably, and the
RMSE decreased slightly. These results indicated that EPIC observations for SOS are more impacted by
the scale effects, as displayed by the wider range between R values in homogeneous and heterogeneous
sites. Here, EPIC is more accurate in estimating SOS values for homogeneous sites, while MODIS is
more accurate for heterogeneous sites.
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Figure 13 displays the derived EOS from MODIS and EPIC data for homogeneous and
heterogeneous sites. The results of the combined data (all sites) are presented in Figure 7b for MODIS,
where R = 0.58 and RMSE = 28 days, and Figure 8b for EPIC, where R = 0.63 and RMSE = 26 days.
Figure 13a,b show that for both MODIS and EPIC, the R and RMSE values increased slightly for
homogeneous sites. Figure 13c,d show that for both MODIS and EPIC, the R and RMSE values
decreased slightly for heterogeneous sites. As a whole, EPIC estimated EOS more accurately than
MODIS for homogeneous and heterogeneous sites. In comparison to Figure 12, the spread of R values
was much less for EPIC’s EOS observations than for SOS observations (0.03 and 0.12, respectively),
indicating that site homogeneity had less of an impact on the accuracy of observations for EOS.
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Figure 14 displays the derived growing season length from MODIS and EPIC data. The results of
the combined data (all sites) are presented in Figure 9, where for MODIS, R = 0.49 and RMSE = 42 days,
and for EPIC, R = 0.54 and RMSE = 41 days, respectively. Figure 14a,b show that for homogeneous
sites, the R values increased noticeably, while RMSE increased slightly for both MODIS and EPIC.
Figure 14c,d show that for heterogeneous sites, the R value decreased noticeably, while RMSE stayed
constant for MODIS, and for EPIC, the R value also decreased noticeably, while RMSE decreased slightly.
It is worth noting that EPIC still has a better performance than MODIS in the heterogeneous sites.
The results of Figures 12–14 indicated that there is a scale effect present, which could potentially affect
the accuracy and efficacy of derived phenology indicators for depicting the inter-site and interannual
variation (indicated by lower R values) of phenology, but likely has limited impacts on the overall
error (indicated by similar RMSEs) of the growing season length with EPIC observations at a coarser
spatial resolution.
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4. Discussion

In this study, we examined the potential of using observations from the EPIC sensor on DSCOVR
satellite, which has a significant advantage of observing the sunlit portion of the entire Earth once every
1–2 h at a 10 km spatial resolution, to derive vegetation phenology indicators (SOS, EOS, and GSL).
Comparing these indicators with ones derived from the ground-based PhenoCam observations as a
benchmark, we found that EPIC at least has similar performance in detecting the seasonal transition
dates of these indicators and, thus, confirmed EPIC’s suitability for monitoring vegetation phenology for
different vegetation types, globally. Moreover, we found that MODIS and Landsat could depict the onset
of greening (SOS), but are less accurate in depicting the senescence phase (EOS). In contrast, EPIC is
more consistent in accurately depicting both SOS and EOS across different vegetation types (Figures 6–8).
This can be attributed to the temporal resolution differences of the three datasets, with EPIC having more
frequent observations at a lower spatial resolution, and MODIS and Landsat having fewer observations
at a higher spatial resolution. Landsat, specifically, only has about 15 high-quality pixel observations
per year due to a combination of its orbital geometry and cloud contamination, which makes it difficult
to precisely detect inter- and intra-seasonal changes in vegetation phenology, whereas MODIS has
limited observation data due to the cloud contamination [32–34]. By contrast, DSCOVR/EPIC can
capture short-term variations due to its high temporal resolution (1–2 h). EPIC’s ability to better
depict both SOS and EOS makes it an attractive option for studying GSL (Figure 9). In addition,
EPIC’s near-hotspot observing angle helps minimize the impact of complex canopy structure on
surface reflectance, characterized by the Bidirectional Reflectance (BRDF) [35–37]. This may explain
EPIC’s superior performance in detecting evergreen needleleaf forest phenology since the evergreen
needleleaf forest has the strongest BRDF effects due to the discrete tree crowns. Therefore, the promising
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performance of EPIC in detecting the vegetation phenology cycle may allow us to use EPIC in similar
ways as MODIS for a variety of ecological applications [38,39]. Because of EPIC’s excellent ability to
observe phenology cycles in deciduous forests, it can be used as a suitable dataset to quantify the
duration and severity of the pollen season. Several species of deciduous trees, such as birch and
oak, produce potent allergenic pollen [40], and satellite phenology has the potential to characterize
the relationship between phenology and pollen season [6] and ultimately its association with pollen
allergies [41].

It is clear that there are a few disadvantages of using EPIC data for monitoring vegetation
phenology. First, DSCOVR/EPIC is a new satellite/sensor, and its observation is for a relatively short
period, which limits its use in producing a long-term record of vegetation phenology, which could
be particularly useful for climate change studies. Second, the EPIC observations show greater
scatter/variability than MODIS due to its coarser spatial resolution. Thus, EPIC may be less suitable for
monitoring phenology for ecosystems and regions with high land cover heterogeneity. Although the
scale effects have some impacts on EPIC-derived phenology, EPIC still shows good performance
compared to PhenoCam observations (Figures 12–14), probably due to integrated observations over a
larger area and more frequently and the near-hotspot observations that minimize the sun-sensor-satellite
geometrical effects [31]. However, DSCOVR/EPIC is continuing its mission and accumulating more
data with its advantageous features. One can also apply advanced data fusion technologies [12] to fuse
EPIC with other high spatial resolution satellite observations (e.g., MODIS) to generate a hybrid data
product, which has both high spatial and temporal resolutions. The fused data product will alleviate
the problem caused by land surface heterogeneity and potentially provide a better foundation for
monitoring phenology of evergreen needleleaf forests, considering the outstanding performance of
phenology detection of EPIC for that type of vegetation.

In this study, we used EVI as the indicator of vegetation growth and applied the double logistic
function to fit the EVI time series for phenology detection. Although this is the most widely accepted
approach of extracting the key phenological transition dates, it is worth noting that other vegetation
indices, such as Leaf Area Index (LAI) [42] and 2-band Enhanced Vegetation Index (EVI2) [43],
and other fitting functions, such as polynomial function, Gaussian function, and Fourier periodic
function, are commonly employed for similar purposes [12]. The use of alternative vegetation indices
and fitting functions may result in a difference in the results to some degree and is worth further
exploration. In addition, the analysis in this study is limited to North America as it has the largest
amount of PhenoCam data and covers all major vegetation types. The analysis can be further extended
to ascertain the suitability of EPIC and proposed methodology for a greater number of PhenoCam sites
across a larger geographic area and climate zones, and a longer period of the ongoing observations
from EPIC.

5. Conclusions

This study is the first of its kind in exploring the use of EPIC observations from the DSCOVR
satellite to observe seasonal changes in the phenology of Earth’s vegetation. Our results indicated that
EPIC observations that have a high temporal resolution (1–2 h) are capable of capturing the seasonal
dynamics of vegetation phenology, as represented by the SOS, EOS, and GSL indicators, for a variety of
land surface cover types in North America. We found that while MODIS is slightly better than EPIC at
observing SOS in comparison to PhenoCam, overall, EPIC captures EOS better than both MODIS and
Landsat and is more consistent across all vegetation types. We suggest that this is probably due to the
higher temporal resolution of EPIC observation, especially when observing a more homogeneous land
cover type (i.e., deciduous broadleaf forests). Additionally, despite its coarse spatial resolution, EPIC is
able to detect small changes in land cover greening for all vegetation/site types, as demonstrated by its
ability to replicate the shape of the PhenoCam in situ observational time series.
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Figure A1. Derived vegetation phenology indicators of SOS and EOS from EVI for agriculture study
site ‘arsmnswanlake1’ based on (a) PhenoCam, (b) EPIC, (c) Landsat, and (d) MODIS observations.
The green triangles indicate SOS, and the red triangles indicate EOS for each time series. The y-axis
scale was kept constant for Landsat, MODIS, and EPIC, but adjusted for PhenoCam to better show the
shape of the curve.
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Figure A3. Derived vegetation phenology indicators of SOS and EOS from EVI for evergreen needleleaf
study site ‘howland1’ based on (a) PhenoCam, (b) EPIC, (c) Landsat, and (d) MODIS observations.
The green triangles indicate SOS, and the red triangles indicate EOS for each time series. The y-axis
scale was kept constant for Landsat, MODIS, and EPIC, but adjusted for PhenoCam to better show the
shape of the curve.
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Figure A4. Derived vegetation phenology indicators of SOS and EOS from EVI for grassland study site
‘konza’ based on (a) PhenoCam, (b) EPIC, (c) Landsat, and (d) MODIS observations. The green triangles
indicate SOS, and the red triangles indicate EOS for each time series. The y-axis scale was kept constant
for Landsat, MODIS, and EPIC, but adjusted for PhenoCam to better show the shape of the curve.Remote Sens. 2020, 12, x FOR PEER REVIEW 17 of 19 
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