
Science of the Total Environment 605–606 (2017) 721–734

Contents lists available at ScienceDirect

Science of the Total Environment

j ourna l homepage: www.e lsev ie r .com/ locate /sc i totenv
Characterizing spatiotemporal dynamics in phenology of urban
ecosystems based on Landsat data
Xuecao Li a, Yuyu Zhou a,⁎, Ghassem R. Asrar b, Lin Meng a

a Department of Geological and Atmospheric Sciences, Iowa State University, Ames, IA 50011, USA
b Joint Global Change Research Institute of Pacific Northwest National Laboratory, College Park, MD 20740, USA
H I G H L I G H T S G R A P H I C A L A B S T R A C T
• A self-adjusting double logistic model
was used to derive vegetation phenolo-
gy indicators (1982-2015) from Landsat

• The vegetation phenology in urban do-
mains shows an earlier start-of-season
(SOS) and a later end-of-season (EOS)

• The Landsat-derived phenology in
urbandomains can providemore spatial
details compared to coarse-resolution
products
⁎ Corresponding author at: Department of Geological a
E-mail address: yuyuzhou@iastate.edu (Y. Zhou).

http://dx.doi.org/10.1016/j.scitotenv.2017.06.245
0048-9697/© 2016 Elsevier B.V. All rights reserved.
a b s t r a c t
a r t i c l e i n f o
Article history:
Received 22 March 2017
Received in revised form 26 June 2017
Accepted 27 June 2017
Available online xxxx

Editor: Elena PAOLETTI
Seasonal phenology of vegetation plays an important role in global carbon cycle and ecosystem productivity. In
urban environments, vegetation phenology is also important because of its influence on public health
(e.g., allergies), and energy demand (e.g. cooling effects). In this study, we studied the potential use of remotely
sensed observations (i.e. Landsat data) to derive some phenology indicators for vegetation embeddedwithin the
urban core domains in four distinctly different U.S. regions (Washington, D.C., King County in Washington, Polk
County in Iowa, and Baltimore City and County inMaryland) during the past three decades.We used all available
Landsat observations (circa 3000 scenes) from 1982 to 2015 and a self-adjusting double logistic model to detect
and quantify the annual change of vegetation phenophases, i.e. indicators of seasonal changes in vegetation. The
proposedmodel can capture and quantify not only phenophases of dense vegetation in rural areas, but also those
ofmixed vegetation in urban core domains. The derived phenology indicators show a good agreement with sim-
ilar indicators derived from the Moderate Resolution Imaging Spectroradiometer (MODIS) and in situ observa-
tions, suggesting that the phenology dynamic depicted by the proposed model is reliable. The vegetation
phenology and its seasonal and interannual dynamics demonstrate a distinct spatial pattern in urban domains
with an earlier (9–14 days) start-of-season (SOS) and a later (13–20 days) end-of-season (EOS), resulting in
an extended (5–30 days) growing season length (GSL) when compared to the surrounding suburban and rural
areas in the four study regions. There is a general long-term trend of decreasing SOS (−0.30 day per year),
and increasing EOS and GSL (0.50 and 0.90 day per year, respectively) over past three decades for these study re-
gions. Themagnitude of these trends varies among the four urban systems due to their diverse local climate con-
ditions, vegetation types, and different urban-rural settings. The Landsat derived phenology information for
urban domains provides more details when compared to the coarse-resolution datasets such asMODIS, thus im-
proves our understanding of human-natural systems interactions (or feedbacks) in urban domains. Such
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information is very valuable for urban planning in light of rapid urbanization and expansion of major metropol-
itans at the national and global levels.

© 2016 Elsevier B.V. All rights reserved.
1. Introduction

1.1. Background of urban vegetation phenology

Vegetation phenology and related indicators are widely used to as-
sess the impact of ecological and environmental factors such as carbon
emission, biodiversity, surface temperature change, land-use and land-
cover changes on terrestrial ecosystems (Da Silva et al., 2015; Dahlin
et al., 2015; Lu et al., 2006; Piao et al., 2008). The changes in vegetation
phenology, for example, are affected by climate conditions and human
activities, especially in urban systems (Brown et al., 2010; Luo et al.,
2006; Schwartz, 1998). These factors in turn affect urban planning and
design, energy consumption, and human health in rapidly expanding
cities around theworld. The population growth and economic develop-
ment also contribute to rapid urbanization in most regions of the world
and they in turn have significant impacts on surrounding natural eco-
systems and their phenology (Liu et al., 2014; Solecki et al., 2013;
Zhou et al., 2014b; Zhou et al., 2015; Zhou et al., 2010). Studies on
urban vegetation phenology, an indicator of interactions between natu-
ral and human systems, is gaining increasing recognition (Jochner and
Menzel, 2015; Wu, 2014). For example, a change in vegetation
phenophases (i.e. stages of vegetation development) in the urban envi-
ronment can alter the intensity of the urban heat island effect (Imhoff
et al., 2010; Zhou et al., 2004), which is closely associatedwith the ener-
gy use in the urban system (Zhang et al., 2013; Zhou et al., 2014a). The
change in vegetation phenophases also affects the amount and duration
of pollens that have a major influence on the public health
(e.g., allergies) in urban areas (Jochner and Menzel, 2015; Lu et al.,
2006; Neil and Wu, 2006).

1.2. Remote sensing of vegetation phenology in urban domains

A wide range of studies have used remotely sensed observation to
study changes in vegetation phenology and point out the advantage of
such observations for continuous monitoring of urban ecosystems
(Cong et al., 2013; Dong et al., 2016; Gonsamo and Chen, 2016; Neil
and Wu, 2006; White et al., 2002; Zhou et al., 2016). For example, the
MODIS (Moderate Resolution Imaging Spectroradiometer) observations
provide near daily observations for such a purpose, over the entire globe
(Ganguly et al., 2010;White et al., 2014;White et al., 1997; Zhang et al.,
2003). Hence, they have been successfully used for regional-to-global
phenology studies. However, results derived from these relatively
coarse spatial resolution (e.g., 500 m) datasets are less suitable for
studying urban ecology and environment, due to the highly heteroge-
neous land surfaces in urban-dominated regions with relatively sparse
vegetation cover (Sohl et al., 2007; Yu et al., 2014). As a result, limited
attention has been paid to the phenology in urban domain, particularly
in urban core areas. This is probably due to the sparse and highlymixed
vegetation coverage in urban domains that cannot be captured properly
with medium to coarse spatial resolution observations by sensors such
as MODIS.

Landsat-based observations potentially offer the ability to capture
more detailed phenology characteristics of highly urbanized areas,
since they have a finer spatial resolution (30 m) and cover a longer ob-
servational period, i.e. since 1970s (Li and Gong, 2016; Li et al., 2015;
Roy et al., 2014;Woodcock et al., 2008). The Landsat data offer a combi-
nation of required temporal and spatial attributes that are needed to de-
velop time series of good quality vegetation indices (VI), in absence of
cloud contamination, to capture the vegetation phenology dynamics
on a seasonal, annual, and decadal time scales. Currently, the use of
Landsat-based time series of observations for phenology detection can
be divided into two branches. The first branch is making full use of the
long-term (e.g., more than 30 years) temporal information to reveal
the mean phenology pattern of urban ecosystems. For example, Fisher
et al. (2006) successfully rebuilt thephenology pattern of deciduous for-
ests in the U.S. Southern New England regionwith 57 Landsat scenes for
the 1984–2002 period. They estimated the inter-annual variability of
phenology of these ecosystems based on the shifted pattern of VI in a
specific year relative the long-term mean. This approach has been also
used in other studies, with more observations (Melaas et al., 2013), or
in comparison with other approaches (Fisher and Mustard, 2007). The
second branch is based on the blending of MODIS and Landsat data as
a fused product to take advantage of better spatial and temporal resolu-
tions offered by Landsat and MODIS, respectively, for detecting the dy-
namics of vegetation phenology for specific periods. For example,
Walker et al. (2012) adopted the spatial and temporal adaptive reflec-
tance fusion model (STARFM) to combine 30 m Landsat and 500 m
MODIS data for phenology studies in dry-land regions (i.e., Arizona,
U.S.). However, the uncertainties introduced by the heterogeneous
land covers below the spatial resolution ofMODISmake it difficult to re-
trieve accurate phenology information based on this approach (Melaas
et al., 2013). Overall, Landsat-based vegetation phenology products pro-
vide substantial information (i.e., both in space and time) in comparison
withMODIS-derived products, especially for highly urbanized areas and
heterogeneous ecosystems (Ganguly et al., 2010; Zhang et al., 2003).

1.3. Challenges and proposed research

Although Landsat-based phenology studies have been successfully
conducted for natural forests (Fisher and Mustard, 2007; Fisher et al.,
2006; Melaas et al., 2013; Walker et al., 2014) and other ecosystems,
fewer attempts have been made for urban ecosystems and urban dom-
inated areas, particularly in highly urbanized regions. Differing from
natural ecosystem and rural areas, the vegetation phenology in urban
domains is highly influenced by human activities (Jochner and
Menzel, 2015). Melaas et al. (2016) used the smoothing spline tech-
nique to map the phenology pattern in the Boston metropolitan region
based on long-term Landsat observations; however, they excluded the
vegetation phenology for high intensity urban areas because of relative-
ly lower vegetation coverage. Zipper et al. (2016) used the Landsat time
series to explore the relationship between vegetation phenology and
the urban heat island for city of Madison, Wisconsin. However, they
only focused on a short period (i.e., 2012–2014), and a limited area in
the urban-rural fringe. Given that the response of phenology to urbani-
zation varies among different regions (Li et al., 2016b), due to a combi-
nation of climate, vegetation types and urbanization extent and rate,
limitednumber of studies have been carried out in urban-dominated re-
gions, particularly inside the urbanized regions. Consequently, this of-
fers an opportunity to further explore the spatial pattern and temporal
dynamics of vegetation phenology in urban core regions to advance
our scientific understanding and knowledge in such regions.

For this purpose, we further developed and used a Landsat-based
phenology detection algorithm initially reported by Fisher and
Mustard (2007), to study four U.S. urban areas with distinctly different
urbanization patterns. Because of the complexity of vegetation phenol-
ogy in urban areas, which is influenced by a number of factors such as
climate and emissions, new capabilities are needed in phenology de-
tecting methods. Our approach with such new capabilities is unique as
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compared with previous studies that focused on natural ecosystems
with homogenous vegetation types, such as deciduous forest (Melaas
et al., 2013). The objectives of this studywere to: (1) examine the effec-
tiveness of a phenology detection algorithm based on Landsat observa-
tions in core urban areas of the four study sites; (2) improve the
phenology algorithm to capture the long-term vegetation phenology
dynamics in the four urban systems; (3) compare the vegetation phe-
nology patterns and characteristics of the four urban ecosystems/re-
gions to gain a better understanding of the relationship between
urbanization and vegetation phenology; (4) evaluate the effectiveness
of the proposed algorithm and derived phenology information as com-
paredwith similar phenology information derived from in situ observa-
tions andMODIS data. The scientific knowledge gained in this studywill
lead to better representation of vegetation phenology for urban systems
in studies of urbanplanning anddevelopment, energy use, asthma aller-
gies due to pollens, and the representation of underlying processes and
their interactions in Earth system models.

2. Study areas and datasets

To investigate the dynamics of vegetation phenology, four study
sites were selected in the conterminous U.S. which are distinctly differ-
ent in their; (1) urbanization patterns and processes; (2) climate condi-
tions; and (3) urban-rural biome compositions and interactions (Fig. 1).
These areas offer a unique opportunity to advance our understanding of
urban phenology and dynamics, and the area specific differences. The
study sites included a highly urbanized metropolitan area
(Washington, D.C.), and three counties encompassing small- to
medium-size cities (King County, Washington; Polk County, Iowa; and
Baltimore County and City, Maryland). The land-cover data (Fig. 1) for
the four areas were derived from the National Land Cover Dataset
(NLCD) in 2011 (Fry et al., 2011; Homer et al., 2015). Washington,
D.C. metropolitan area was used to examine the method we adopted
and further developed for vegetation phenology detection, in this inten-
sively urbanized area. The remaining three domains/counties show dis-
tinctly different urbanization patterns and vegetation compositions
(e.g., grassland, evergreen forest, deciduous forest or croplands),
which can influence their vegetation phenology responses to urbaniza-
tion (Li et al., 2016b).

All available Landsat images with a cloud cover of less than 80% for
the four study sites were used in our study. The Landsat data were ob-
tained from several sensors on a series of satellites during the past
three decades, including: Thematic Mapper (TM), Enhanced Thematic
Fig. 1. Land-cover types for the four study sites, base
Mapper plus (ETM+), and Operational Land Imager (OLI), from 1980
to 2015 (Fig. S1). Therefore, we used all cloud-free pixels from the
Landsat images in our analysis, regardless of the cloud cover at the
Landsat scene level. The full use of Landsat archive at the pixel level
can enrich the data for investigating the seasonal cycle of phenology,
and enabled us to use all scenes that fully cover the four study areas,
i.e., p015r033, p026r031 and p046r027 of the World Reference System
2 (WRS-2), from the U.S. Geological Survey Archive (http://
earthexplorer.usgs.gov/). The Landsat images are archived at Level 1T
product containing surface reflectance which has been processed and
corrected for radiometric, topographic, and atmospheric effects (Li
et al., 2015; Masek et al., 2006). The atmospheric correction was based
on the Landsat Ecosystem Disturbance Adaptive Processing System
(LEDAPS) tool that uses the MODIS/6S radiative transfer model
(Masek et al., 2006; Nazeer et al., 2014). In addition, clouds and their
shadows were removed with FMASK procedure for each Landsat
scene (Zhu andWoodcock, 2012). The resulting total number of Landsat
scenes is large (about 3000), including 981, 999, and 956 scenes from
WRSs p015r033, p026r031 and p046r027, respectively. The numbers of
available scenes per year are larger for year 2000 and years after, as
compared with previous years.

3. Methodology

The methodology for deriving phenology information from Landsat
data is briefly described below, and is illustrated in Fig. 2. First, the En-
hanced Vegetation Index (EVI) time series was computed based on
Landsat data using Eq. (1) (see below). Then, a double logistic function
(Eq. (2)) was fitted to the derived EVI time series, and the long-term
mean phenology indicators of start of season (SOS), end of season
(EOS), and growing season length (GSL) were obtained, see Fig. 3
below. Then, a self-adjusting algorithm was used to filter out available
EVI observations of each year for phenology change detection, see
Fig. 4 below. Finally, we evaluated our results using a combination of
in situ phenology observations and available MODIS phenology prod-
ucts during the same period for the four study sites.

3.1. Enhanced vegetation index (EVI) series

The choice of EVI to depict the status of vegetation growth is mainly
based on its good sensitivity to capture the greenness change in forested
areas, and the ability to minimize the atmosphere influences of the
plant canopy background (Melaas et al., 2013; Zhang et al., 2003; Zhu
d on the national land cover database (NLCD).

http://earthexplorer.usgs.gov/
http://earthexplorer.usgs.gov/


Fig. 2. Illustration of the methodology used to calculate phenology indicators based on a self-adjusting algorithm and Landsat data for this study.
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et al., 2016). EVI was calculated from Landsat-derived surface visible
and infrared reflectance measurements as (Huete et al., 2002):

EVI ¼ 2:5� NIR−REDð Þ
NIRþ C1

�RED−C2
�BLUE þ Lð Þ ð1Þ

whereNIR, RED and BLUE are Landsat surface reflectancemeasurements
for corresponding bands. C1, C2 and L are coefficients for correcting the
aerosol effects on the canopy reflectance, and soil background signal,
and theywere assigned values of 6, 7.5 and 1, respectively. These values
are widely used for these three coefficients in other studies (Ahmad,
2012; Dong et al., 2016; Huete et al., 2002; Melaas et al., 2013; Walker
et al., 2014). The EVI values for Landsat scenes were then used to derive
the vegetation phenology parameters as described in the following
sections.

3.2. Deriving phenology information from EVI

The Landsat data were used to calculate vegetation phenology indi-
cators according to the following steps: (1) fitting the EVI series for a
given study sitewith amathematical function (Eq. (2)); and (2) deriving
the transition dates of phenophases from this function (White et al.,
2014). A variety of approaches have been proposed to fit the EVI or
other VI series, such as Gaussian function, harmonic pattern (or Fourier
analysis), sigmoid (or Logistic), and curve or polynomial function
(Atkinson et al., 2012; Cong et al., 2012; Fisher et al., 2006; Liu et al.,
Fig. 3. Schematic illustration of Landsat based phenology detection method. (a) The double log
determining phenophase transition dates. The gray points are actual observations in our study. T
EVI increment during the greening;m1 and m2 represent growth rates in the green-up and se
season; SOP: start of peak; EOP: end of peak; EOS: end of season; DOY, day of year. (For interp
version of this article.)
2016; Moody and Johnson, 2001; Nijland et al., 2016; Piao et al., 2006;
Zhang et al., 2003). We used the double logistic function (Eq. (2)) for
this study. Once the smoothed EVI/VI curve is developed, the transition
dates for phenophases are determined based on a set of assumptions
and rules described below.

3.2.1. Fitting EVI series with the logistic function
We used the double logistic function (Eq. (2)) to fit the interannual

dynamic of vegetation phenology, as it can provide a good description of
the green-up and senescence phases of vegetation change with a set of
parameters (Fisher et al., 2006; Liu et al., 2016; Melaas et al., 2013;
Zipper et al., 2016). Due to image quality and/or cloud contamination
for individual years, the EVIs derived frommultiple years were simulta-
neously used for calculating the average pattern of phenology for a
given area.

f tð Þ ¼ v1 þ v2
1

1þ e−m1 t−n1ð Þ −
1

1þ e−m2 t−n2ð Þ

� �
ð2Þ

where f(t) is the EVI value at a specific date t; v1 is the background EVI
level for the entire year (i.e., see the dashed line at the bottom of
Fig. 3a); and v2 is the amplitude of EVI for the entire year (vertical
dashed linewith blue color, Fig. 3a).m1 & n1 andm2 & n2 are pair param-
eters and can capture the trends of green-up and senescence phases, re-
spectively. Twoparametersm and n are used to determine the slope and
phases of the green-up and senescence periods, which are slightly
istic function; (b) illustration of the long-termmean phenology indicators; (c) method for
hemeaning of all the acronyms are detailed as: v1: backgroundEVI value; v2:magnitude of
nescence periods, n1 and n2 are the corresponding two dates, respectively; SOS: start of
retation of the references to color in this figure legend, the reader is referred to the web
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different (Melaas et al., 2013). These parameterswere estimated using a
nonlinear regression function, in which a Levenberg-Marquardt optimi-
zation algorithmwas adopted to solve for the nonlinear least square op-
timization (Levenberg, 1994).

3.2.2. Determining phenophases and phenology indicators
The transition dates for phenophases were determined based on the

fitted EVI series. Fig. 3b and c present the schematic illustration of phe-
nology indicators developed and used in this study. Apart from the com-
monly used SOS and EOS that determine the start and end of vegetation
growing season, two additional indicators of SOP (start of peak) and
EOP (end of peak) greenness were included to quantify the duration
of peak greenness. The first derivative (or change rate of curvature,
Fig. 3c) of a fitted, double logistic function (Fig. 3b), was used to identify
these transition dates. The SOS is defined as the date when the deriva-
tive reaches the maximum, and the EOS as the point where the mini-
mum rate of greenness was observed (see green and red points in
Fig. 3b). This definition is relatively robust and has been widely used
in other studies (Fisher and Mustard, 2007; Fisher et al., 2006; Melaas
et al., 2013; White et al., 1997).

The purpose of introducing SOP and EOP is to quantify the duration
ofmaximumvegetation greenness. Based on the shape of the first deriv-
ative, the turning point which is the date when the change rate is 0 (see
solid gray circle in Fig. 3c)was identified, before this point the greenness
is increasing while after this point it is decreasing. Thereafter, according
to the calculated SOS, and this inflection point, the date when the deriv-
ative reaches the half-maximumwas considered as the start of the peak
greenness (see corresponding yellow circle in Fig. 3b). Similarly, the end
of peak greenness was determined as the date when derivative is at the
half-minimum (see EOP in Fig. 3b). Finally, the period between SOP and
EOP (Fig. 3b)was defined as the length of peak greenness, duringwhich
the photosynthesis is relatively high. Fig. 3 is schematic illustration of
the methodology used to fit the EVI with Eq. (2) (Fig. 3b), and to deter-
mine phenology indicators (Fig. 3c).

3.2.3. Determining interannual variability of phenology indicators
Weextended themethodology developed by Fisher et al. (2006) and

Melaas et al. (2013) in this study to build an automatic detection algo-
rithm for determining the interannual variability of vegetation phenol-
ogy, and to quantify its general trends for the four study sites. The
Fig. 4. Schematic illustration for detecting interannual variability of phenology indicators of SOS
observations. The two solid sigmoidal segments of the curve indicate green-up (green color) and
and the long-term mean SOS and EOS are in blue. The meaning of other acronyms are detailed
duration of Δ(SOP−SOS) and Δ(EOS−EOP), respectively. Δdoy, Δevi, Δsos and Δeos repres
references to color in this figure legend, the reader is referred to the web version of this article
interannual change of phenology (i.e., earlier or later onset, duration
and peak greenness or senescence) can be depicted by the remotely
sensed indices such EVIs, through tracking the difference of dates
when the EVI in a specific year reaches the same magnitude as its
long-term mean. Due to the use of a very large number of Landsat
scenes, a noise removal approachwas needed to better detect the inter-
annual variability of observations. In this study, about 1000 Landsat
scenes were used from 1982 to 2015, i.e. about 31 scenes per year, for
each of the four study sites. A filtering strategy at the pixel level allowed
us to make full use of all cloud free pixels and this resulted in a robust
time series suitable for analysis of interannual variability of phenology
indicators. This is a unique aspect of this study as compared with previ-
ous studies that were usually based on a limited number of Landsat im-
ages (about three scenes in each year), e.g. Fisher and Mustard (2007).
Additionally, parameter settings, such as selection of a rational DOY
(±20 days to mean SOS and EOS) and EVI ranges, are required to select
available EVI observations in any given year to remove potential noise
(or outliers) present in the EVI time series in calculating annual changes
(i.e., advance or delay) of vegetation phenology (Melaas et al., 2013).
The requirement of parameter settings considerably limits the phenolo-
gy detection capability for different vegetation types. For example, the
two sigmoid curves of green-up and senescence are asymmetric in
most cases, which indicates that the number of available EVI observa-
tions within the DOY range for the green-up is different compared to
the senescence. Therefore, a flexible approach to determine both DOY
and EVI ranges is needed in detecting annual change of phenology for
surface vegetation covers.

To overcome these limitations, we developed an automatic proce-
dure for capturing the interannual variability of SOS and EOS (Fig. 4).
First, using the identified long-term mean SOP and EOP, the symmetry
segments (see Eqs. (3) & (4)) for each half of sigmoid curve were iden-
tified (see SOP′ and EOP′ in Fig. 4).

SOP0 ¼ SOS−Δ SOP−SOSð Þ ð3Þ

EOP0 ¼ EOSþ Δ EOS−EOPð Þ ð4Þ

where SOP′ and EOP′ are two dates that have the same duration of
Δ(SOP−SOS) and Δ(EOS−EOP), respectively. For a pixel without
(start of season) and EOS (end of season) based on a self-adjusting algorithm and Landsat
senescence (red color) periods, respectively. The available EVIs in a specific year are in red
as: SOP: start of peak; EOP: end of peak; SOP′ and EOP′ are two dates that have the same
ent the gap as illustrated using the dotted lines or solid bars. (For interpretation of the
.)
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distinctive land cover change, the interannual phenology variability oc-
curred around the range of Δdoy (see the dotted frames in Fig. 4).

Then, the EVI ranges, Δevi, was determined based on the long-term
mean phenology curve and four dates (i.e., SOP′, SOP, EOP, and EOP′)
(the dotted frames in Fig. 4). Thus, for a specific year, these EVI observa-
tions were rechecked to ensure they were in the rational ranges
(i.e., Δdoy and Δevi in Fig. 4) (see Eqs. (5) & (6)).

Obsg ¼ f SOP0
� �

≤EVI≤ f SOPð Þ
SOP0 ≤DOY ≤SOP

�
ð5Þ

Obss ¼ f EOP0� �
≤EVI≤ f EOPð Þ

EOP≤DOY ≤EOP0

�
ð6Þ

where Obsg and Obss are the available observations in green-up and se-
nescence periods of a specific year; and f is the double logistic function
described in Eq. (2).

The constraints ofΔdoy andΔevi are helpful in filtering out available
EVI observations for a particular year with the corresponding DOYs
(Melaas et al., 2013) (red dots in Fig. 4). Hence, when referring to the
long-term mean phenology pattern, the DOYs with the observed EVIs
of same magnitude can be determined (black circles nearby to the red
ones in Fig. 4), and the interannual variability can be calculated as the
mean deviation of all available EVI observations within the year (Eqs.
(7) & (8)).

Doyif ¼ DOY � min
j

f j−EVIio
� �

ð7Þ

ΔDOY ¼ ∑
n

i
Doyio−Doyif

� �
=n ð8Þ

where
EVIo

i andDoyo
i indicate the EVI andDOY of observation i in a specific year,

Doyf
i is the date when the fitted EVI fj has minimum difference with the

observed EVIo
i , j is the sequence from [SOP′,SOP] and [EOP,EOP′] for

green-up and senescence periods, respectively. Finally, themean devia-
tion for DOYs of all available EVIs within the year is defined as the inter-
annual variability of phenological variables, i.e., ΔSOS or ΔEOS (colored
bars in Fig. 4). The derived long-termmean phenology curve can be ad-
justed according to the observed EVI time series, and the range of Δdoy
and Δevi can be modified for different vegetation types. This self-
adjusting algorithm is applicable to different vegetation types, particu-
larly in urban domains with complex vegetation types and composi-
tions. Finally, the long-term trend for phenology indicators (i.e. SOS,
EOS and GSL) was calculated based on the identified annual variability
over past three decades. This trend can be used to determine the rate
of phenology change during this period.

3.3. Evaluating the proposed algorithm

We evaluated the remotely sensed based results using in situ phe-
nology observations and theMODIS-based regional phenology product.
Because of the limited in situ observations in our four study sites, 20
sites were selected randomly from the nationwide U.S. National Phenol-
ogy Network (USA-NPN) (https://www.usanpn.org/) (see Table S1).
These siteswere selected according to the following criteria: (1) exclud-
ing siteswith the leaf onset later than June (180DOY); and (2) including
sites with SOS defined as the first full-leaf emergence. Due to the differ-
ence of temporal characteristics of 20 USA-NPN sites, their long-term
mean SOS was used as an indicator for comparison with the remotely
sensed based indicators. The historical records of phenology (1990–
2014) in Harvard Forest (HF) (http://harvardforest.fas.harvard.edu/)
were also used to assess the annual variability of SOS. The main species
of red maple (Acer rubrum) in HFwas used as a reference for evaluation
due to its wide distribution over the Northeastern region of U.S. (http://
plants.usda.gov/). The phenology indicator of SOS for HF is based on the
meanDOYwhen 50% of leaves developed to about 75% of their final size.
Correspondingly, the Google Earth Engine (GEE) platform (https://
earthengine.google.com/) was used to collect site-based Landsat EVI
time series for both sets of field observation locations (Dong et al.,
2016), to calculate the remotely sensed based phenology indicators
using the proposed method in this study. Each of selected sites had a
90m× 90m area, which includes 9 Landsat pixels. The regional pattern
of phenology indicators from Landsat were also compared with the
MODIS phenology product (MCD12Q2), which was derived from
MODIS VI product with a spatial resolution of 500 m (Ganguly et al.,
2010; Li et al., 2016b). It should be noted that the definition of phenol-
ogy indicators in MCD12Q2, e.g., SOS, is different from the one used in
this study, which are the beginning (MODIS) and middle (this study)
of each half of the sigmoid curve, respectively. The MODIS phenology
product has been evaluated independently against field observations,
with a R-square value about 0.64 (Zhang et al., 2006). This comparison
aims to evaluate the general performance of regional mapping of vege-
tation phenology using Landsat time series, although the details from
MODIS MCD12Q2 and Landsat derived results are different, especially
in the urban domain because of the different spatial resolution.

3.4. Processing of phenology indicators for regional analyses

There is a need to process the initially derived phenology maps be-
fore further analysis due to; (1) difference in land-cover type/change;
and (2) the limit and ability of EVI observations to capture the dynamic
of specific land-cover types (e.g., grassland, see site 3 in Fig. 5). Both fac-
tors contribute to a relativelyweakfitness of the double logistic function
for some pixels, for all the four study sites. To reduce the uncertainties
that these factors may introduce in analysis of the regional phenology
pattern (or trend), we excluded a small number of pixels (i.e., 6%, 20%,
and 24% for King County, Polk County, and Baltimore region, respective-
ly) that showed significant land-cover change, as compared with the
NLCD dataset. But, we kept the remaining pixels for regional phenology
analyses even if they had relatively low fitness in their logistic function,
as long as the vegetation cover was relatively uniform. For example,
grasslands and shrublands may show diverse EVIs for the same DOY
over multiple years, because of their interannual variance in response
to moisture and/or temperature change (Melaas et al., 2016). For
these vegetation types, the patterns of mean phenology were still reli-
able with the double logistic function (Fig. S2), despite the fact that R-
square values were relatively low. In addition, pixels that fall outside
the significant probability level (p = 0.05) were excluded from the
long-term trend analysis.

4. Results and discussions

4.1. Performance of proposed algorithm in urban domains

The proposed algorithm performs very well for deriving phenology
indicators for the four study sites, despite their significant differences
in land-cover types, based on the Landsat time series, even in highly ur-
banized sites. Fig. 5 shows seven different land-cover types and their
long-term (1980–2015) mean phenology patterns. The time series of
these sites were collected from GEE, with a spatial extent of 90 m
× 90 m, within which the land surface is relatively homogeneous, and
unchanged over preceding three decades. The results and associated
statistics (e.g., R-square values) were calculated based on the observed
and derived EVI values. The proposed double logistic function captures
different phenology patterns, despite different vegetation and land-
cover types, e.g. deciduous forest, croplands, and grassland (Fisher
et al., 2006; Melaas et al., 2013). Although forest-dominated areas (see
site 6 in Fig. 5) show a distinct double-sigmoid pattern of green-up
and senescence with the highest R-square of 0.96, the phenology char-
acteristics of other vegetation typeswere also capturedwell by the dou-
ble logistic function for sites 2, 4 and 5 (Fig. 5). For example, the

https://www.usanpn.org/
http://harvardforest.fas.harvard.edu/
http://plants.usda.gov/
http://plants.usda.gov/
https://earthengine.google.com/
https://earthengine.google.com/


Fig. 5. Site-based phenology patterns among different land-cover types for theWashington DC, metropolitan study site. Shadowed regions within each independent window are spatial
coverage of 3 × 3 pixels with high-resolution images derived from Google Earth. The selection of these sites was guided by the NLCD for 1992–2011, with due consideration to the sites'
spatial homogeneity as well as land-cover change. The fitted curves were derived from double logistic fitting based on the long-term (1982–2015) Landsat observations.
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phenology curve for a high intensity urbanized area (site 4) was consid-
erably different from that of forest (site 6), and the Gaussian pattern re-
lated to crops dominated area (site 2). The phenophases of all
vegetation types for these sites were captured well by the double logis-
tic function (White et al., 2002; Zhou et al., 2016). Despite the large
spread of EVI values in site 5, which results in a relatively low R-
square value, the general pattern of phenology captured for this site
was still acceptable. However, for grassland-dominated areas the long-
term mean of EVI series did not reflect a clear phenology pattern,
which is probably due to the sensitivity of grassland to change in inter-
annual climate conditions (e.g., moisture and temperature) (Melaas
et al., 2016). In addition, our results confirmed that even in moderately
urbanized areas (site 4), there was a noticeable influence of urbaniza-
tion on vegetation phenology within a given year, despite the fact that
Fig. 6. Performance of the double logistic function in depicting the vegetation phenology attribu
(b). The two areas circled as 1 and 2 are typical urban areas with medium and high intensity o
reader is referred to the web version of this article.)
the maximum EVI was only around 0.2 (see annual phenology cycle in
Fig. S3), whereas double logistic function fit was relatively high with a
R-square of 0.91.

The proposed double logistic function performed well by capturing
the phenology of vegetation in a moderately urbanized area
(Washington, D.C., site 4), resulting in a relatively clear phenology pat-
tern (see Fig. 6). Overall, the fitted phenology patterns of most urban-
ized areas were very good with the R-square values ranging from 0.8–
1. Even in the core region of study areas that were highly urbanized,
the R-square values were typically 0.5–0.6, somewhat lower than the
surrounding suburban regions (Fig. 6a). Although theproportion of veg-
etation covered area was lower in highly urbanized areas (e.g. site 4,
Fig. 5), the phenology signal captured by the double logistic function
was still robust enough for detecting their attributes (see two yellow
tes in urban dominated areas (a), and vegetation types according to the NLCD in year 2011
f urbanization, respectively. (For interpretation of the references to color in this figure, the



Fig. 7. Phenophases (SOS, SOP, EOP and EOS) derived from Landsat observations for Washington, D.C. metropolitan, a highly urbanized area.
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ellipses 1 & 2 in Fig. 6a and b), through the proposed phenology indica-
tors. In most of previous phenology studies that used Landsat observa-
tions, the urban core areas were excluded because of their relatively
lower vegetation cover and EVI values, and/or mixed vegetation types
(Fisher et al., 2006; Melaas et al., 2013). For example, in a study by
Melaas et al. (2016) that specifically focused on urban ecosystems, the
Fig. 8. Comparison of SOS derived from Landsat data and in situ phenology observations; long-t
(b); and the temporal dynamic of annual SOS for HF (c).
phenology in high intensity urban regions was mostly masked because
of the relatively low degree of fitness with the spline curve they used.
Our proposed algorithm captures the general pattern of vegetation phe-
nologywithin or outside of urban domains, e.g. inWashington, D.C. area
(Fig. 7). Overall, the SOS is centered around DOY 108 ± 8, and the EOS
mostly occur around DOY 290 ± 15. The resulting map confirms the
ermmean (a) reported by USA-NPN; overall consistency of SOS for the entire study period
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feasibility of detecting vegetation phenology attributes based on
Landsat data in urban dominated regions where, in previous studies,
few attempts have beenmade for detecting and representing the vege-
tation dynamics. However, it should be also noted that the spatial pat-
tern of vegetation phenology in the urban domain is not only
determined by the difference of urbanization intensities. Phenology is
also influenced by other factors such as vegetation types, mixed surface
compositions of built-up area, and human activities (e.g., emissions).
Phenology indicators derived from remotely sensed observations ac-
count for the integrated effects of these factors.

4.2. Evaluation of derived phenophases and phenology indicators

The phenology indicators and their seasonal dynamics derived based
on our proposed algorithm, for the four urban areas, compare very well
with independently derived phenology indicators from USA-NPN and
MODIS observations (see Figs. 8 and 9). A comparison of mean SOS de-
rived from USA-NPN, and the annual dynamics of SOS in HF as com-
pared with SOS derived from Landsat observations are presented in
Fig. 9. The mean SOS from USA-NPN data is in good agreement with
Landsat-derived values with a correlation coefficient of 0.92 (Fig. 8a).
These sites include different land-cover types such as forest, urban,
cropland, grassland, and shrubland (see Table S1). The proposed double
logistic function was effective in deriving SOS for deciduous forest
(Fig. 5, site 6), consistent with results reported by Fisher et al. (2006)
and Melaas et al. (2013). The double logistic function also shows a
high degree of flexibility in capturing phenology patterns for different
vegetation types, which makes it suitable for phenology detection in
urban-dominated areas. In addition, the comparison with annual SOS
data for HF further confirmed the feasibility of the proposed approach
for detection of phenology dynamics (Fig. 8b and c). It should be
noted that the in situ observations SOS in HF are later (around
Fig. 9.A comparison of long-termmean of SOS patterns derived from Landsat andMODIS observ
10 days) compared to Landsat-derived ones. This difference can be at-
tributed to their different definitions; however, the pattern of temporal
dynamics of SOS iswell captured by the proposed logistic function using
Landsat data (Fig. 8c).

A comparison of derived phenology indicators from Landsat and
MODIS observations showed a similar pattern for both datasets at the
regional scale (Fig. 9). Because of its sensitivity to climate and environ-
mental change, we selected the SOS indicator for comparison (Fu et al.,
2015). This comparison further confirms the suitability of our proposed
algorithm for detecting and quantifying vegetation phenology in urban
domains. The detailed differences between the two products can be at-
tributed to the difference in their spatial resolution, the fitting method,
and the definition of phenophase. Overall, the Landsat-based SOS is later
(about 31, 49 and 40 days for King, Polk and Baltimore, respectively)
compared to MODIS based product. This is mainly due to phenology in-
dicators defined differently in the Landsat (midpoint of sigmoid) and
MODIS (turning point of sigmoid) indicators (Fig. S4) (Fisher et al.,
2006). Nevertheless, spatial patterns of SOS from two datasets are al-
most same in the four study sites, and histograms of phenology indica-
tors are also similar in shape, with an earlier SOS in the MODIS product
compared to the Landsat-based product. In fact, the definition of SOS for
MODIS product is more sensitive to early spring growth with varying
steepness of sigmoid curve for different vegetation types (Fisher et al.,
2006). However, theMODIS-derived phenology indicator cannot reveal
adequate details in urban domains, as comparedwith Landsat, primarily
because of the MODIS coarser spatial resolution (i.e., 500 m vs. 30 m).

4.3. Urban-rural and regional phenology dynamics

The vegetation phenology along the urban-to-rural gradient varies
significantly among the three other study sites (Fig. 10). For achieving
a reliable comparison of the urban-rural phenology difference among
ations. The colored numbers indicatemean and standard deviation of phenology indicator.



Fig. 10. Spatial patterns of phenology indicators, SOS, EOS, andGSL, in the three counties of King, Polk, andBaltimore.White areas are land cover types experiencing rapid change (excluded
in the analysis) or bare lands without phenology.

730 X. Li et al. / Science of the Total Environment 605–606 (2017) 721–734
these sites that are located in different vegetation/climate regions
(e.g., cropland is the dominated type in rural areas in Polk County),
here we filtered out pixels labeled as forest in rural areas and compared
them with vegetation phenology in respective urban domains (see
Table 1). Overall, the onset of greenness in urban areas is earlier (9–
14 days) than surrounding rural areas, and the senescence phase is ex-
tended to later dates (13–20 days). Thus, the total growth season length
is longer (5–30 days) in urban domains. In addition, the phenology dif-
ferences between urban and rural area are less distinctive (5 days) in
King County in terms of GSL, when compared with other two regions
of Polk (30 days) and Baltimore (22 days) Counties/regions. This is like-
ly due to the difference in climate conditions among them (Li et al.,
2016b).

The vegetation phenology indicators also show regional variation
among the four study sites, and their respective urban domains
(Fig. 11). Our results indicate that King County, with SOS and EOS occur-
ring on DOYs of 107± 25, 258 ± 37, respectively, and GSL being 151±
47 days long, has a relatively wide range of phenology indicators com-
pared to other study sites. There are two distinct clusters in the histo-
gram of EOS and GSL for King County. For Baltimore County that
includes the highly urbanized Baltimore city, the standard deviations
Table 1
Long-term mean phenology difference between urban and rural areas (unit: day).

King Polk Baltimore

SOS EOS GSL SOS EOS GSL SOS EOS GSL

Urban 107 258 151 118 293 176 110 295 184
Rural 121 267 146 127 273 146 120 282 162
of SOS, EOS, and GLS were the lowest compared to the other study
sites. The differences among the study sites are likely due to the differ-
ence in their vegetation composition. Additionally, the mean values of
SOS in KingCounty (DOY107) andBaltimore County (DOY110) are ear-
lier and closer to each other, as compared with Polk County, which is
later (DOY 118). Other contributing factors to the differences in phenol-
ogy indicators among the four study sites, are most likely the difference
in effects of the urban heat island (i.e. different level of urbanization)
and climate conditions (Zhang et al., 2004a; Zhou et al., 2016).

4.4. Long-term phenology dynamics and trends

The long-term trend analysis also confirms the impact of urbaniza-
tion on vegetation phenology for all four study sites, with occurrence
of earlier SOS and later EOS resulting in extended GSL (Figs. 12 and
13). Here we chose two different vegetation cover types presented in
Fig. 5, namely high intensity urban and forest areas, which represent
urban and nearby non-urban forest ecosystems, to illustrate the tempo-
ral dynamics of their phenology indicators (Fig. 12). Both areas are
probably affected by some level of urbanization since 1980s
(Buyantuyev and Wu, 2012; Zhang et al., 2004b), and they exhibit a
similar temporal pattern: the SOS is decreasing while EOS and GSL are
increasing. However, the magnitude of change in phenophases (slope
in Fig. 12), is stronger in the urban compared to the forested area. The
decreasing rates of SOS in urban and forest areas are approximately
0.30 and 0.12 days per year, and the increasing rates of EOS are about
0.81 and 0.07 days per year in urban and forest area, respectively. As a
result, the overall increase in GSL rates for urban and forest sites is
about 1.2 and 0.3 days per year, respectively.



Fig. 11.Histogramof thephenology indicators (SOS, EOS andGSL) for three of the four study sites (King, Polk andBaltimore counties). μ andσ indicate themean and the standarddeviation
of corresponding phenology indicators, respectively.
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The long-term trend of phenology indicators in the urban domains
of three of the four sites (Baltimore, King, and Polk) show an advance-
ment of SOS (negative slope) and delayed EOS (positive slope), which
together contribute to an extended GSL over past three decades (see
Fig. 13). The trend (advancement or delay) of long-term phenology in-
dicators is mixed in all three study areas (Fig. S5), and the trends in
urban domains are mixed (advancement or delay). This is probably
due to the highly heterogeneous land surface with different vegetation
compositions in urban domains. The positive trend ismost noticeable in
the more urbanized regions of the three sites/counties, with all phenol-
ogy indicators being greater than 50% as comparedwith their respective
rural and suburban areas. This is probably because of urbanization
Fig. 12. Annual variability and long-term trend of phenology indic
impacts (e.g. more intense urban heat island over the past three de-
cades) on vegetation. However, the long-term trends of the phenology
indicators vary among the three counties. For King and Polk counties,
the positive trends aremore distinct than Baltimore County, with earlier
SOS of 68%, 65%, and 58% compared to mean SOS for the three counties,
respectively, during the entire study period. Accordingly, mean trends
(or slopes) of SOS over past three decades are −0.44, −0.4 and
−0.14 days per year for King County, Polk Country, and Baltimore re-
gion, respectively. This is consistent with the results presented in
Fig. 13. Similarly, trends of EOS for the three counties are 0.89, 0.48,
and 0.12 days per year, with an overall positive trend of GSL with mag-
nitudes of 1.57, 0.98 and 0.25 days per year for three counties. Regional
ators for (a) highly urbanized and (b) non-urban forest areas.



Fig. 13. Percentage of urban areas associated with different trends of phenology indicators over past three decades. Red bars indicate a positive trend; that is, the SOS occurs earlier while
the EOS arrives later, and the GSL becomes longer over past three decades. Green bars indicate just the opposite. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)

732 X. Li et al. / Science of the Total Environment 605–606 (2017) 721–734
variations of phenology indicators' temporal trends in urban-dominant
areasmay be attributed to the different levels of urbanization (e.g., heat
island effect), climate conditions, and vegetation type differences over
past three decades.

4.5. Factors affecting vegetation phenology in urban domains

Vegetation phenology dynamic is a complicated process, involving a
wide range of factors, such as temperature, photoperiod, winter chilling,
and precipitation (Tang et al., 2016). In urban domains, the impact of
these factors and associated processes on vegetation phenology is fur-
ther complicated by human activities such as emissions and land
cover change (Honour et al., 2009; Jochner et al., 2011). Currently, our
understanding of the mechanisms and processes associated with these
factors that affect vegetation phenology in the urban domains is limited,
due to lack of needed observations of vegetation phenology and associ-
ated data (e.g., meteorological measurements and pollution). For exam-
ple, high spatiotemporal CO2 emissions in the urban domain are still not
widely available (Zhou and Gurney, 2010). The meteorological data for
most phenology studies were retrieved from weather monitoring sta-
tions that are often located in suburban or rural areas. The majority of
model-based meteorological variables may not be adequate for pheno-
logical studies in urban domains due to the lack of representation ofme-
teorological conditions and their relatively coarse spatial resolutions. In
addition, land cover change (e.g. urban expansion, afforestation and
natural disaster) can also influence the vegetation phenology in urban
domains (Li et al., 2016a). In our analysis, we focused our analysis of
phenology in urban ecosystems on pixels that did not experienced sig-
nificant land cover change, which were detected from the NLCD data.
But subtle changes that were not captured by NLCD data may still
exist and influence the derived phenology indicators.

5. Conclusions

Detecting and quantifying seasonal, interannual and longer term
changes and variability in vegetation phenology are essential for under-
standing and monitoring terrestrial ecosystems and their contributions
to the carbon cycle, and derived services from them (e.g., food, fiber,
biomaterials, and habitat for species). Remotely sensed observations
offer great potential for this purpose, and their potential is demonstrat-
ed by some previous studies. In this study, we developed a self-
adjusting algorithm using a double-logistic function in conjunction
with Landsat observations for the past three decades to quantify the
seasonal, interannual, and decadal changes in vegetation phenology
based on a set of phenology indicators, especially in urban-dominated
ecosystems across the conterminous United States. A combination of
this proposed algorithm and increasingly available remotely sensed ob-
servations provide the possibility to compensate the past and current
limitation of sparse in situ networks for detecting, quantifying andmon-
itoring vegetation phenology at the local, national and global level.
The proposed method performed well for deriving phenology indi-
cators for most land-cover types in the four study sites, and highly ur-
banized areas within these sites (i.e. urban core domain). The derived
phenology information captures different phenology patterns despite
heterogeneous vegetation types in each and among the four study
sites, e.g., deciduous forest, crops, and grassland. In addition, our results
confirmed that even inmoderately urbanized areas, there was a notice-
able influence of urbanization on vegetation phenology within a given
year. An independent site-based and long-term mean phenology prod-
uct and its annual dynamics derived from USA-NPN and HF, together
with a regional based spatial pattern of phenology indicators derived
from MODIS observations, confirmed the reliable performance of the
proposed phenology detection algorithm across the gradient from
rural to sub-urban and urban areas of the four study sites. The SOS be-
gins earlier in urban areas, in all four sites, compared to the surrounding
suburban and rural areas, while the EOS arrives later. As a result, the GSL
is prolonged for all four study sites, during the study period. Although
the magnitude of trends varies among the four study sites because of
the difference in vegetation types and climate conditions, the SOS was
advanced and the EOS was delayed resulting in an extended GSL in
urban domains for these study sites, over the past three decades. The
strongest trends were found in King County, Washington, and weakest
trend in Baltimore County, Maryland.

These findings are consistent with previously reported ones that
have used remotely sensed observations for specific vegetation types
at national, regional, and global scales; however, they suggest several
possible avenues of research on vegetation phenology and its spatial
and temporal changes in highly urbanized areas. The proposed self-
adjusting phenology detection algorithm together with high resolution
remotely sensed observations that are becoming increasingly more
available appear to be suitable for such research in highly urbanized re-
gions of the world. The robustness of the proposed approach was con-
firmed by using available in situ phenology observations (i.e. NLCD)
and phenology indicator derived fromMODIS observations. The results
are specially promising for detecting, quantifying and monitoring vege-
tation phenology inside urban core domainswhere the vegetation types
and compositions are more complicated, compared to their respective
sub-urban and rural areas. The proposed approach can be potentially
used to analyze and understand the interactions of humanswith natural
ecosystems in rapidly urbanizing regions of the world. Although nomi-
nally, the proposed approach is suitable for detecting seasonal and in-
terannual vegetation phenology, its performance is sensitive to the
quality and quantity of available observations in each year, which is rel-
atively limited for earlier Landsat observation period (e.g., 1980s). This
limitation can be overcome by using observations from multiple sen-
sors/satellites, and/or fusing a combination of coarse and fine spatial
resolution data (e.g., MODIS and Landsat). The scientific knowledge
gained in this study will lead to a better representation of vegetation
phenology for urban systems in studies of carbon cycle, asthma allergies
due to pollens, and underlying processes and their interactions in Earth
system models. The full impact of intensity of urbanization on
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phenology was not examined in details in this study due to the limita-
tion of currently available data (e.g., NLCD). For example, the NLCD
dataset are not adequate for assessment of interannual variability of
phenology indicators, thuswe used the level-1 classification system de-
fined in NLCD to separate urban and rural classes for this analysis. This
limitation highlights a pressing need for developing an intensity
datasets of urbanization for extended period of time for understanding
the impact of intensity of urbanization on vegetation phenology.
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