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Continuous urban expansion and its influence on land surface phenology (LSP) have been gaining
considerable attention due to their impacts on climate change, carbon cycling and human health. Most
previous studies have investigated the effects of urbanization on LSP from the regional to global scales by
using coarse-resolution remotely sensed images and fixed land cover boundary maps. However, the
influences of urbanization on LSP are also important at the local level, particularly in and around rapidly
urbanizing cities as LSP is closely linked to the local ecology and people’s health. To analyze the dynamic
of urbanization and its effect on LSP at the local scale, this study proposed a novel framework of char-
acterizing LSP with consideration of continuous urban expansion based on all available time-series
Landsat and Moderate Resolution Image Spectroradiometer (MODIS) Reflectance and Enhanced Vege-
tation Index (EVI) composite data. The proposed approach was capable of evaluating LSP impacts of
urbanization from three aspects: 1) the phenology difference between dynamic annual urban and rural
areas; 2) the different rates of phenology trend between the permanent urban and rural areas; and 3) the
phenology shifts in the areas that were urbanized during the period. This approach was applied to
Nanjing, China and the experimental results indicated that when compared with the rural areas, the
phenology cycle started 0.59 + 0.58 days earlier (start of season, SOS) and ended 1.65 + 1.55 days later
(end of season, EOS) in urban areas, accordingly leading to increased growing season length (GSL) by
2.77 + 2.61 days. Besides, the experiments also revealed that 70.81% SOS and 78.79% EOS in the per-
manent urban-rural areas were provided with delayed phenology trends, along with 80.72% of these
regions tending to have a prolonged GSL. Furthermore, the rates of SOS and EOS delay in rural areas were
0.12 + 0.12 day/year and 0.02 + 0.02 day/year faster than those in urban areas, and the rate of GSL
prolonging in urban regions was 0.04 + 0.04 day/year faster than that in rural counterparts. For the
urbanized regions in Nanjing, after experiencing conversion to the impervious surface, SOS and EOS
delayed in 65.77% and 70.33% of the regions, accompanied by extended GSL in 70.83% of the regions.
Overall, this research proposed a novel approach of analyzing urbanization implications for LSP at the
city scale and demonstrated its priority of taking continuous land cover change into account.

© 2020 Elsevier Ltd. All rights reserved.
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1. Introduction

The terrestrial surface has been heavily modified under the
situation of rapid economic development and population growth.
The rapid increase of the urban population due to migration from
rural areas is the key factor of urban expansion (Zhang et al., 2019).
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The increasing trend will lead the percentage of urban population
to 70% by 2050, resulting in the global urban areas expanding much
than ever by then (Feyisa et al., 2016). Urban areas tend to be
provided with higher temperatures than the surrounding regions,
referred to as urban heat island (UHI), mainly caused by the
increasing of impervious surface at the expense of vegetation and
evaporating soil which can reduce latent heat flux and increase
sensible heat flux (Clinton and Gong, 2013). As a result, rapid and
invasive urbanization not only depletes natural sources directly, but
also affects surrounding land surface phenology (LSP), which in
turn influences the local environmental and ecological processes
including primary production (Imhoff et al., 2004), carbon and
energy cycling (Hutyra et al., 2014; Wang et al., 2016), and flower
pollination and seed set (Gaku et al., 2004). In addition, phenology
changes also affect human health. For instance, prolonged growing
season length (GSL) can lengthen the allergy seasons and thus in-
crease the severity of allergies (Cecchi et al., 2010). Accurate
knowledge of the process of urbanization and its implications for
LSP, therefore, can not only help enhance understanding of the
problems associated with increased urban area and population but
also be essential for formulating mitigation strategies and ulti-
mately build a sustainable city.

At present, the impacts of urbanization on LSP are not well
understood. First of all, it is still inconclusive whether and to what
extent urbanization influences LSP. Some studies observed ad-
vances of start of season (SOS), delays of end of season (EOS) and
extensions of GSL in urban areas compared with the surrounding
rural regions through field measurements of specific species (Lu
et al.,, 2006; Roetzer et al., 2000) or remote sensing analysis for a
large scale (regional or global) estimation with coarse spatial and
temporal resolution data (Li et al., 2017; Zhang et al., 2004). In
contrast, several studies demonstrated an insignificant difference
or even a delay of SOS through the urbanization process (Gazal
et al, 2008). Therefore, more accurate instance data with the
finer spatio-temporal resolution are needed to reduce errors and
uncertainties caused by missing data and mixed pixels. Second,
global climate change has significant influences on phenology
change (Piao et al., 2015), but the differences in its impacts on ur-
banized and rural areas are still unclear. Thus, with the background
of global warming and fast urbanization condition, there is a strong
impetus to better understand the difference of phenology trends
throughout the past decades. Third, as mentioned before, urbani-
zation comes at the expense of vegetated and other natural lands,
resulting in abrupt phenology shifts, which also constitutes the
phenology difference between urban and rural regions. However,
their detailed changing properties and spatial distributions have
not well studied.

Based on the results and issues summarized from the previous
studies, continuous urban expansion and LSP with finer spatio-
temporal resolution and comprehensive analysis of the relation-
ship between these two elements are the key ways to achieve the
solutions. Thus, the remainder of the paper is organized as follows.
Section 2 presents the literature review to draw the state-of-the-art
methods of obtaining and analyzing long-term urban expansion
and LSP. Section 3 introduces the typical case study of Nanjing,
where the urban area had expanded much during the period from
2001 to 2018. Section 4 illustrates the detailed strategy of calcu-
lating the extents of urban expansion, the dates of phenology in-
dicators with the higher spatial and temporal resolution, and their
spatio-temporal relationship. Section 5 displays the results and
discoveries of the case study, followed by a discussion in Section 6.
Finally, Section 7 concludes the study and puts forward some per-
spectives in the future.

2. Literature review
2.1. Monitoring continuous urban expansion

Impervious surface, which refers to the land cover type that
prevents water filtration into the soil such as rooftops, sidewalks
and paved roads (Arnold Jr and Gibbons, 1996), can not only
reflect the process of urbanization but also indicate the envi-
ronmental change from anthropogenic activity (Weng, 2012).
With the expansion of impervious surfaces, numerous influences
including changing of surface runoffs (Du et al., 2012; Miller
et al., 2014), pollution from industrial emissions (Liang et al.,
2019) and increasing temperature by UHI effect (Weng et al,,
2004) have been revealed. Therefore, tracking impervious sur-
face changes is a crucial step to understanding the process of
urbanization and analyzing its implications for LSP. Monitoring
impervious surface expansion is a change detection task that
focuses on specific type of conversions, in which other land cover
types transform to the impervious surface. Earth observation
through remote sensing satellites can provide an effective and
efficient way to capture repeated collection and monitor such
dynamic changes in wide geographical areas (Ban et al., 2015; Liu
et al,, 2019). The developed change detection for impervious
surface areas can be broadly categorized into pre-classification
and post-classification methods (Singh, 1989). The pre-
classification methods treat different types of land cover
change as independent classes and utilize training samples to
classify the stacked images in different dates for detecting
various changes (Gao et al., 2012; Schneider, 2012). Although this
kind of method is capable of achieving dynamic impervious
surface maps, the ground reference data of transition types and
durations for model training and validation are difficult to obtain
(Volpi et al, 2013; Wu et al, 2017). By contrast, post-
classification techniques classify and analyze multi-temporal
images separately, which need the land cover labels in each in-
dependent image rather than conversion types, greatly reducing
the difficulty and cost of acquiring samples. Although these
methods have been widely used in monitoring urbanization
(Bagan and Yamagata, 2012; Qin et al., 2017), they neglect the
inherent relevance among the classified impervious surface
maps, making additional temporal consistency techniques
necessary and resulting in discontinuous achievements with a
low temporal resolution (Gong et al., 2019a; Li et al., 2015; Zhang
et al., 2017). Therefore, monitoring long-term dynamic imper-
vious change will be much more difficult with time-series remote
sensing images consideration. Moreover, the efficiency and ac-
curacy of mapping dynamic impervious surfaces are still needed
to be improved.

2.2. Monitoring continuous land surface phenology

LSP can currently be obtained from two main sources including
site-based observation (Jochner et al., 2013; Luo et al., 2007) and
phenology indicators derived from remote sensing observations
(Cong et al., 2012; Piao et al., 2015). The in-situ observation stations
can continue capturing high quality and long-term phenology in-
formation. However, in contrast to remote sensing-based obser-
vations that can obtain cost-effective, large-scale spatio-temporal
patterns of LSP, in-situ observations are only suitable for individual
small-area applications. Consequently, many studies have been
conducted for exploring the LSP of various kinds of vegetation
species (Pan et al., 2012; Senf et al., 2017; Zhang et al., 2003) and
their changes (Cong et al., 2013; Heumann et al., 2007; Liu et al,,
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2016) using different sources of time-series remotely sensed im-
ages, which provided solid foundation for further exploring the
relationship between urbanization and phenology change.

2.3. Limitations of the previous works

Some approaches proposed for quantitative evaluation of
phenology changes introduced by urbanization are based on the
statistics and comparison of phenology indicators in the mapped
urban and corresponding rural areas (Li et al., 2017; Zhou et al,,
2016), which achieve convincing results and conclusions. Howev-
er, some deficiencies exist in these methods and can be further
improved. First, the boundaries of urban clusters in these methods
are fixed during the whole study period. In fact, the urban areas
have constantly expanded over time, causing inconsistency be-
tween obtained and actual urban-rural areas with fixed boundaries,
which degrades the accuracy. Second, most studies achieve the
results with the coarse spatial resolution more than 250 m pri-
marily based on the nighttime light data and Moderate Resolution
Image Spectroradiometer (MODIS) vegetation products, leading to
some errors or even neglect of urban clusters at finer spatial scales.
In addition, monitoring the difference of long-term phenology
trends in urban and rural regions is a difficult task in previous
studies since they have to focus on independent short-term
phenology analysis with discontinuous land cover maps repre-
senting the urbanized and rural areas in different periods. Last but
not least, previous methods are also hard to achieve the phenology
shifts directly caused by the land cover changes of urbanization.

Therefore, the objectives of the present paper is to propose a
framework based on Ensemble Continuous Change Detection and
Classification (ECCDC) and Enhanced spatial and temporal adaptive
reflectance fusion model (ESTARFM) for exploring comprehensive
LSP impacts of urbanization, as well as for comparing the difference
in LSP analysis depending on whether or not land cover change and
finer spatio-temporal phenology are taken into account. Three
major questions associated with phenology impacts of urbanization
are considered in this study: 1) What are the phenology differences
between dynamic urban and rural areas? 2) What are the differ-
ences of the phenology trends between the permanent urban and
rural areas (refers to the urban and rural areas without land cover
changes, hereafter)? 3) What are the phenology shifts (refers to
abrupt transitions of phenology due to land cover changes, here-
after) of the urbanized regions brought by different kinds of land
cover transitions?

3. Study area and data source
3.1. Study area

The study area is Nanjing City (31°14’-32°37'N, 118°22/-119°14’),
China, which is located in the lower reaches of the Yangtze River
and covers an area of 6587.02 km? with a population of 8.44 million
(Fig. 1) (Nanjing Statistics Yearbook, 2018). With the warm and
rainy subtropical climate and the influence of Yangtze Delta’s rapid
development of economic and transport background, it comes to be
one of the richest agricultural areas as well as the fastest urbanized
city in China. Nanjing was selected as the study area for two main
reasons. First, Nanjing exemplifies many other cities in China that
have been experiencing a significant urbanization process in the
past decades. During 2001 to 2018, the population of Nanjing has
increased by 20.65%. The economy of Nanjing has grown tremen-
dously with the regional Gross Domestic Product increasing from
$16.42 billion in 2001 (Nanjing Statistics Yearbook, 2001) to
$182.98 billion in 2018 (Nanjing Statistics Yearbook, 2018). Mean-
while, rapid industrialization and infrastructure construction

resulted in massive land cover changes, especially for the transition
from agricultural and natural lands to urban lands, which led to the
substantial expansion of impervious surfaces. Second, the compo-
sition of land cover in Nanjing is diverse and heterogeneous, which
provided a good opportunity to examine the phenology effects by
impervious surface expansion in different regions within the city.

3.2. Landsat data

Landsat surface reflectance data of the study area were collected
from Google Earth Engine (GEE), which is a cloud-based geospatial
analysis platform with huge computational capabilities (Gorelick
et al., 2017). All available Landsat 5, 7 and 8 Surface Reflectance
Tier 1 images were obtained from the directions of “LANDSAT/LT05/
CO1/T1_SR”, “LANDSAT/LE07/C01/T1_SR” and “LANDSAT/LC08/C01/
T1_SR” in GEE, respectively. For each Landsat image, eight bands
were used for the study, including six spectral bands, one thermal
band and one quality assessment band (Zhu et al. 2015, 2016). Note
that the Function of Mask algorithm (Zhu and Woodcock, 2012) has
been considered in the quality assessment so that the quality ob-
servations such as fill, snow/ice, cloud and cloud shadow have been
identified, leaving the remaining clear observations. Landsat
Collection 1 is made up of three parts: Tier 1, Tier 2 and Real-Time.
The data of Tier 1 were selected because they meet the formal
quality criteria so that they are suitable for time-series analysis. Due
to the inherent mechanism of the ECCDC model, there may be oc-
casional gaps in the results of the first and last years. Therefore, the
total 535 Landsat images were used in this study during the period
from 1999 to 01-01 to 2019-06-09, including 169 Landsat 5 images,
265 Landsat 7 images, and 101 Landsat 8 images. The images in
each season from spring to winter are 138, 124, 136 and 137
respectively, which are approximately equal in each season,
providing a good condition for fitting the function of seasonal
components. The temporal distribution of the total Landsat
reflectance observations is displayed in Fig. 2.

3.3. MODIS data

MODIS 16-Day Enhanced Vegetation Index (EVI) composite data
with the 250 m spatial resolution were collected from the direction
of “MODIS/006/MOD13Q1” in GEE in order to extract phenology
from 2001-02-18 to 2019-06-09. At the same time, Landsat 5, 7 and
8 32-Day EVI composite data with the 30 m resolution were also
collected from the directions of “LANDSAT/LT05/C01/T1_32DAY_-
EVI", “LANDSAT/LE07/CO1/T1_32DAY_EVI” and “LANDSAT/LT05/
C01/T1_32DAY_EVI” in GEE in conjunction with MODIS EVI data to
enhance and match the spatial resolution of the ECCDC results. In
total, 446 MODIS EVI images and 276 Landsat EVI images were
obtained in this study.

3.4. Auxiliary data

In addition to Landsat and MODIS time-series images, auxiliary
reference data were collected from the Geographic National Con-
dition Census (GNCC) map of Nanjing in 2015 and very high reso-
lution (VHR) images from Google Earth (http://earth.google.com/)
in 2010 to generate the training and test samples for training and
validation of ECCDC. Since the GNCC map was generated based on
field visits and interpretation of aerial photographs and VHR
remote sensing images, it provided land cover types of the research
area with high accuracy. The classification system was defined
based on Fine Resolution Observation and Monitoring of Global
Land Cover (FROM-GLC) and the samples were finally extracted and
categorized into 5 classes including cropland, forest, grassland,
impervious surface and water in this study (Gong et al. 2013,
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Fig. 1. Study area. (c) is the land cover map generated from Geographic National Condition Census.

2019b). The land cover types of shrub, barren and wetland in the
system were excluded because their proportions were all less than
0.01% in the research area. The cloud type was also disregarded
because it was removed from the process of the ECCDC algorithm as
unclear observations for constructing the model.

4. Method

Fig. 3 displays the framework of the proposed approach, which
is made up of three parts of works. First, dynamic urban clusters
and their continuous changes were mapped based on the devel-
oped ECCDC method. Second, Landsat and MODIS times series EVI
composite data were blended to achieve the high-spatiotemporal
resolution EVI series for extracting phenology indicators. Finally,
the phenology relationship and discrepancies between urban and
rural areas were calculated through regression analysis during the
period at the 30 m spatial resolution level.

4.1. Ensemble Continuous Change Detection and Classification for
urban clusters

The Continuous Change Detection and Classification (CCDC) al-
gorithm assembles all available Landsat observations for each pixel

to estimate time-series models and uses the models to predict
future observations (Zhu and Woodcock, 2014; Zhu et al., 2015). It
has been applied to the surface reflectance (SR), brightness tem-
perature (BT) and Normalized Differences Vegetation Index (NDVI)
for land use and land cover classification and change detection. The
algorithm identifies land use and land cover changes for the pixel i
by using a time-series model combining seasonal and trend com-
ponents (Eq. (1)).

P(i,d) = a; + byjcos(2md / T) + bysin(2wd / T) + ¢;d (1)

where P(i, d) is the predicted value for SR, BT or NDVI at pixel i on
Julian day d. g; and ¢; are the coefficients for the trend component at
pixel i, by; and b,; are the coefficients for the seasonal component at
pixel i, and T is 365. The model can be carried out for detecting land
cover changes once 15 clear observations are available in the model
initialization phase, in which 12 of them are conducted for defining
the outlier of time-series model and the other 3 are used for
determining whether land cover change occurs. The basis of change
detection in CCDC is to compare the value of model predictions
with clear observations and to normalize their difference by three
times the root mean square error (RMSE). Once the observations of
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Fig. 2. Temporal distribution of Landsat 5, 7 and 8 images from 1999 to 2019.
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three consecutive days all exceed the pre-defined threshold (Eq.
(2)), the first of the three observations will be defined as the start
time of land cover change.

1 & |P(i,d) — P(i, d)|
Ez; 3% RMSE, | (2)

where k is the feature dimension of time-series data used in the
algorithm. The use of three times RMSE considers that land cover
change typically occurs when the spectral feature deviates from the
prediction model by more than three times RMSE (Zhu and
Woodcock, 2014).

After detecting changes in time-series data, land cover classifi-
cation is applied to each model between breakpoints. Since
different land cover types are provided with different characteris-
tics of time-series models, the time-series classification can be
conducted using a supervised classifier with the inputs of model
coefficients. The original CCDC uses Random Forest (RF) as the
classifier to classify the models. However, in the context of the
pattern recognition field, there is no guarantee that one specific
classifier can always achieve good performance in any conditions of
training samples and extracted features (Chi et al., 2009). Moreover,
many uncertainties still exist in the classification process consid-
ering the parameters of a time-series model rather than
reflectance-based characteristics as input features (Healey et al.,
2018). Thus, to enhance the reliability and robustness of the clas-
sification process, multiple classifier ensemble method is
embedded in the CCDC algorithm, in which RF, Support Vector
Machine (SVM) and Rotation Forest (RoF) are integrated to take
advantage of multiple classifiers in this study. Then, the majority
voting (MV) is carried out to identify the most frequent results of
classified land cover types for each pixel during a period (Wang
et al.,, 2018). For the case of a tie in MV, the result with the high-
est posterior probability will be considered as the final land cover
type, as the higher posterior probability provided higher reliability
for the supervised classification result (Castellana et al., 2007) (Eq.
(3)). In this way, a better result for each time-series model can be
defined through an enhanced way of CCDC.

C :{MV(C17C27C3) (3)
findl = Umax(Cy1X, Go|X, C31X)  if Ci#Cy#C3

where C; , C; and C3 represent the classification results with RF,
SVM and RoF classifier in ECCDC, separately. X means all the
possible classification results. Cgpg represents the final classifica-
tion results of each pixel in a period.

4.2. Fusion of Landsat and MODIS EVI time-series data

The vegetation indices derived from the original Landsat ob-
servations are not the best choice for extracting phenology infor-
mation since they are not evenly distributed in each year. MODIS
EVI composite products are sequential data provided with a stable
16-day high temporal resolution but a medium spatial resolution of
250 m, which is too coarse to match the ECCDC results with the
30 m spatial resolution. However, Landsat EVI composite products
are provided with a higher spatial resolution of 30 m but a lower
temporal resolution of 32 days, which is insufficient for smoothing
consecutive data and extracting phenology. Therefore, it is vital to
combine the advantages of the high-temporal frequency of MODIS
EVI composite data and the high-spatial resolution of Landsat EVI
composite data. ESTARFM (Zhu et al., 2010), which is an effective
and mature fusion model for a different source of remote sensing
data based on the spectral unmixing theory and “conversion

coefficient” prediction method, was selected to fuse the MODIS EVI
and Landsat EVI data in this research. ESTARFM is an enhanced
development based on the Spatial and Temporal Adaptive Reflec-
tance Fusion Model (STARFM) (Gao et al., 2006), which blends the
high-frequency temporal information from MODIS and the high-
resolution spatial information from Landsat to generate synthetic
surface reflectance products at both a high temporal and spatial
resolution, and can better predict the reflectance of sub-pixel
consisting of heterogeneous landscapes. Like STARFM, ESTARFM
predicts pixel values based on the spatially weighted difference
computation between some observation pairs of Landsat EVI and
MODIS EVI data, and some other MODIS EVI data at the prediction
days. In this study, four pairs of cloudless MODIS and Landsat EVI
composite data in close dates in all seasons of a year were used to
calculate the fusion model, which can not only cover the general
vegetation growth and land surface condition in each year but also
accelerate the model initialization and generalization process.
Then, all the MODIS EVI composite data in this year were used for
predicting the corresponding fusion EVI results. These steps were
repeated for each year during the period and finally, all of the 16-
day EVI fusion data with the 30 m resolution from 2001 to 2018
were generated.

4.3. Extraction of phenology metrics

The adaptive Savitzky-Golay method embedded in TIMESAT 3.3
was conducted for smoothing the time-series EVI fusion data
(Jonsson and Eklundh, 2004), as it had good performances on
dealing with continuous vegetation indices (Chen et al., 2004;
Heumann et al., 2007). In this research, we focused on three in-
dicators to explore the phenology relationship between urban and
rural areas, including SOS, EOS, and GSL. The SOS and EOS are
defined when the fitted curve reaches a proportion of the seasonal
amplitude measured from the left and right minimum values
respectively (Shen et al., 2015; Zhou et al., 2016). According to the
previous experiences, the threshold of seasonal amplitude pro-
portion was defined as 20% from the left and right minimum levels
(Brown et al., 2010; Buyantuyev and Wu, 2012; Cong et al., 2012;
White et al., 2009; Zhou et al., 2016). The GSL was defined as the
length of the dates between SOS and EOS. Fig. 4 shows an example
of the Savitzky-Golay smoothing and phenology extraction in a
pixel of the study area during a period.

The SOS, EOS, and GSL were separately calculated for each year
during the period from 2001 to 2018. Due to the complexity of the
surface land in urban areas, the outliers of the phenology indicators
were set up with the combination of the previous experiences and
practices: 1) pixels with SOS earlier than the 30th day or later than
the 180th day of a year were excluded for analysis; 2) EOS of each
pixel was constrained between the 240th and 360th day of a year
(Cong et al,, 2012; Li et al., 2017; Zhang et al., 2006). Following the
general practices in previous studies, we did not attempt to make a
validation for the generated phenology information by field ob-
servations owing to the different definitions in ecosystem and
species and various uncertainty sources (Rodriguez-Galiano et al.,
2015).

4.4. Analysis of phenology impact of urbanization

For accurately exploring the phenology response to urbaniza-
tion in Nanjing, continuous change detection and classification of
urban clusters are taken into account. For rural areas, different from
directly using a buffer extending from the urban center with a fixed
radius, the extents were delineated by keeping their sizes to be the
same as the corresponding urban areas each year. It can be mapped
by slightly increasing the radius of rural extents based on the initial
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shape of the classified urban clusters until their area equal to the
corresponding urban areas (Li et al., 2017). This method can assure
the rural areas are provided with the same sizes as the associated
urban region. In addition, the urban clusters smaller than 10 x 10
pixels were excluded since they were not provided with indepen-
dent and stable LSP. The pixels in the rural areas with the land cover
type of water were also excluded due to the low vegetation
coverage in the water body. Thus, dynamic annual urban-rural
clusters are defined in Nanjing from 2001 to 2018.

4.4.1. Analysis of phenology difference between urban and rural
areas

To explore the phenology difference between urban and rural
areas in the whole period, the average phenology of each urban and
the corresponding rural cluster in each year were calculated, and
simple linear regression based on weighted least squares (WLS)
estimate was conducted (Eq. (4)).

S= min(zn: W;(y; — aX;)?) (4)
i=1

where y; represents the ith actual value. a is the slope of the fitted
simple linear function and aX; means the ith estimated value. W;
represents the ith weight which is used by the area of urban cluster
in this study. S represents the weighted sum of squares and a
achieves the optimal solution when S reaches the minimum value.
The direction of phenology impacts can be obtained by comparing
the slope a with 1. The significance test of the regression model was
also carried out, and phenology difference was significant when p
was lower than 0.01.

4.4.2. Analysis of the difference of phenology trend between urban
and rural areas

Under the background of global climate change, LSP is also
provided with a long-term changing trend (Richardson et al., 2013).
Due to the discrepancies in the urban and rural local environments,
it is necessary to explore the performance of phenology trends in
different regions. However, land cover changes will disturb the
original phenology trends under climate conditions. To address this
problem, the pixels with land cover changes were excluded based
on ECCDC. Furthermore, unique labels for each urban and rural
pixel in each year were made, and the pixel labels which are same

throughout the period were reserved as the permanent urban-rural
cluster pairs. Ordinary Least Squares (OLS) regression was applied
on the phenology of all years for each permanent urban and rural
pixel to describe their changing trends. At last, simple linear
regression based on WLS estimate and its significance test were
conducted to achieve the overall discrepancies of their phenology
trends.

4.4.3. Analysis of phenology shift due to the land cover change

Since ECCDC can achieve the changing time and type of
impervious surface change, it provides a good opportunity to
analyze the phenology shift by land cover changes and to categorize
them by changing type, which is of great significance to understand
the direct phenology impacts of urbanization. For this purpose, the
changing time in each pixel was used as a cut-off point. The average
phenology indicators before and after the changing time were
calculated and compared in each pixel changed to the impervious
surface during the time.

5. Results
5.1. Continuous change detection and classification of urban land

Based on all available Landsat 5, 7 and 8 images, training sam-
ples and ECCDC algorithm, the change detection and classification
results of each pixel in the study area during the period from 2000
to 2018 were achieved. Eventually, 19 annual land cover maps were
also compiled and available in Appendix A (Fig. A) based on the
extraction of ECCDC model on the middle day of each year. Since we
only focused on the urbanization process during this period, the
changing location and time of the pixels in which all the other land
cover types transformed to the impervious surface were extracted
and recorded (Fig. 5). The urban areas have expanded much with
736.50 km? (11.18% of the total area) urbanized in the past 19 years.
The cropland and some other natural lands such as forest, grass-
land, and water have been shrinking and replaced by impervious
surfaces. In terms of the location, the main urban expansions in
Nanjing happened based on the original urban clusters, which were
the cores of downtown areas located along the south and north
banks of the Yangtze River. The closer to the core urban clusters, the
earlier occurred impervious surface expansion, which was consis-
tent with the changing time results displayed in Fig. 5(a). From the
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converted to impervious surfaces.

aspect of conversion type, 86.80% of these areas were cropland
before urbanization since it was the dominant land cover type in
Nanjing and distributed surrounding the urban clusters, followed
by water (7.23%), forest (4.00%) and grassland (1.97%) (Fig. 5(b)).
The classification results were assessed by randomly splitting
the selected 10,000 samples into two groups including 5000
training samples and the other 5000 test samples in 2015 based on
the summary and interpretation of GNCC, FROM-GLC and Google
Earth history maps for training the time-series model and cross-
validation, respectively. For the case of evaluating change detec-
tion results, the pixels in 2010 with the same location of the test
samples in 2015 were interpreted and labeled based on the FROM-
GLC and Google Earth historical map in 2010 (Fu and Weng, 2016).
After excluding some uncertain samples during the interpretation
process, 4818 training samples in 2015 for training ECCDC model,
4342 test samples in 2015 for validation of the classification results
and 2804 sample pairs between 2010 and 2015 for change detec-
tion evaluation were finally obtained, respectively. Table 1 shows
the classification results, in which the overall accuracy reached
96.71% with a Kappa coefficient of 95.22%. The worst type of clas-
sification result was grassland with user’s and producer’s accuracy
of 80.20% and 86.17% owing to its low coverage and easily-confused
reflectance features with cropland. The user’s and producer’s

Table 1
Error matrix of accuracy assessment of classification results.
Cropland  Forest Grassland  ISA Water UA

Cropland 1967 10 2 27 12 97.47%
Forest 11 446 1 2 0 96.96%
Grassland 9 0 81 3 8 80.20%
ISA 27 3 3 797 1 95.91%
Water 10 2 7 5 908 97.42%
PA 97.18% 96.75%  86.17% 95.56%  97.74%  96.71%

Note: ISA, UA and PA represent the impervious surface area, user’s accuracy, and
producer’s accuracy, respectively.

accuracy of the impervious surface were 95.91% and 95.56%, which
proved the effectiveness and reliability of the method for

Table 2
Accuracy of change detection results.

Non-change Change User’s accuracy
Non-change 2784 2 99.93%
Change 2 16 88.89%
Producer’s accuracy 99.93% 88.89% 99.86%
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monitoring the urbanization in Nanjing. For the change detection
results, the user’s and producer’s accuracy of change and no-change
were both 88.89% and 99.93%, providing quality assurance for
monitoring change occurrence (Table 2).

Once the consecutive urban clusters in each term are recognized
by the results of ECCDC, the corresponding successive rural areas
can be sequentially figured out and mapped through the buffer
method mentioned before (Fig. 6). It can be seen from the figures
that both urban and rural areas have greatly expanded during the
study period, which proves the necessity of using accurate
continuous dynamic urban-rural boundaries to explore the ur-
banization implications for LSP at a city scale.

5.2. Land surface phenology with a fine spatio-temporal resolution

Based on the time-series fusion images from the ESTARFM
model, fine spatio-temporal time-series EVI data were generated.
To validate the effectiveness of the fusion images, phenology in-
dicators of all the urban-rural areas in all years were extracted from
both MODIS and fusion EVI images. As the spatial resolution of

original MODIS data is far coarser than the land cover maps of
ECCDC results, the phenology of the pixels close to the boundaries
of urban-rural areas will be homogenized and given the same
values, resulting in a reduction in phenology difference between
urban and rural regions. The longer the boundary line and the
smaller the size of urban clusters, the larger the error will be.
Therefore, the results based on fusion EVI-based phenology can
better reflect the respective phenology information at the location
than the original MODIS data. The phenology difference between
urban-rural clusters and the comparison of urban-rural phenology
difference between MODIS and fusion EVI were conducted by Eq.
(5) and (6), respectively.

AP=P,, — Pr (5)

D= APFusion - APModis (6)

where 4P is the difference of three indicators (i.e., SOS, EOS and
GSL) between urban (P,;,) and the corresponding rural clusters (Pr).
D is the difference of three urban-rural phenology indicator

I Urban clusters

I Rural clusters

[ Others

Fig. 6. Urban-rural land cover maps under the process of urbanization in Nanjing from 2001 to 2018.
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differences between fusion (4Pp,sjon) and MODIS (4Pyq4is) time-
series EVI. Therefore, a positive 4P for EOS/GSL or a negative 4P
for SOS indicates a prolonging impact on vegetation growing length
and vice versa. A positive D for EOS/GSL or a negative D for SOS
demonstrates the impact of eliminating the error at urban-rural
boundaries and vice versa. Fig. 7 descries the D of all urban-rural
clusters in Nanjing. The average D of SOS was negative and the
percentage is more than 50%, and the conditions were opposite in
EOS and GSL. That is to say, using fusion EVI data enlarged the SOS
advance, EOS delay and GSL prolonging of urban clusters compared
with MODIS EVI data, which proofed the effectiveness of fusion EVI
data in reducing the phenology errors at urban-rural boundaries.

5.3. Phenology difference between urban and rural areas

The three phenology indicators including SOS, EOS and GSL
displayed significant differences in urban and rural areas in Nanjing
from 2001 to 2018. Fig. 8 shows the scatters represented the three
phenology indicators in the urban and rural areas of all years during
the whole period. Overall, the phenology in urban and rural areas
under the control of similar climate background appeared to be
highly correlated, as indicated in the regression lines of the scatters
closed to y = x with all R? > 0.91 and p < 0.01. The SOS occurred
0.59 + 0.58 days earlier in urban areas than that in rural areas as
suggested by the slope of <1 (i.e., 0.991). While, the slope of EOS
was 1.005, manifesting EOS 1.65 + 1.55 days later in urban regions.
As a result, the GSL was 2.77 + 2.61 days extended in urban areas
with a slope of 1.011. Vegetation can grow only if the temperature
reaches a certain threshold and it has been proven that they were
provided with a significant positive correlation in many typical
cases (Shen et al., 2011; Wang et al., 2015). Therefore, the results in
our research were mainly attributed to the higher temperature in
urban areas caused by UHI effect (Imhoff et al., 2010; Zhou et al.,
2016), providing powerful evidence that the urban environment
had implications on LSP and continues with the urbanization
process.

5.4. Difference of phenology trend in urban and rural areas

Since the permanent urban-rural areas in Nanjing were deter-
mined based on ECCDC and label matching, the spatial pattern of

the regions was mapped in Fig. 9(a). It can be seen from the figure
that the scope of the permanent urban-rural regions was much
smaller than their annual distributions, which also indicated that
the urban clusters expanded significantly during the period. After
applying OLS regression on the phenology during the whole period,
phenology trends in each permanent urban and rural pixel were
achieved. Apparent discrepant trends of SOS, EOS, and GSL in
different regions can be discovered from Fig. 9(b)—(d).

Fig. 10 shows the scatter patterns of average phenology trends in
each permanent urban and rural clusters. WLS estimate was also
applied to the scatters for regression in each plot (Eq. (6)). Two
conclusions can be drawn from the plots: 1) 70.81%, 78.79% and
80.72% of scatters in the plot of SOS, EOS and GSL trends fell in the
first quadrant of the coordinate axis, which means that SOS and
EOS were provided with the delay trend and GSL had an extended
trend in most permanent urban and rural areas. The results
demonstrated that, in the context of global climate change, LSP in
both urban and rural areas has changed with the direction of
increasing vegetation growing cycles. 2) The slopes of the regres-
sion lines in SOS and EOS were both <1, while the slope of GSL
regression line was >1, which illustrated that the rates of SOS and
EOS trends in rural areas were 0.12 + 0.12 day/year and 0.02 + 0.02
day/year faster than those in urban areas. Accordingly, the rate of
GSL trend was 0.04 + 0.04 day/year faster in urban regions
compared with rural regions. These results indicated that the
response of LSP in urban areas to climate change was less sensitive
than that in rural areas, which was consistent with the view of
urban local climate zone (Stewart and Oke, 2012). Emissions of
anthropogenic activity and land surface characteristics altered local
climate through modification of the composition of the atmosphere
and land surface processes that influenced surface energy balance
and boundary layers, leading to a distinct and insusceptible urban
local climate different from global climate change (Middel et al.,
2014).

5.5. Phenology shift due to land cover change

The phenology shift of each urbanized pixel was figured out
based on changing time obtained from ECCDC. Fig. 11(a)-(c) map-
ped phenology differences before and after land cover changes.
Overall, 65.77% SOS and 70.33% EOS of the changed pixels delayed
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and 70.83% GSL of the changed pixels prolonged after transitions.
For detailed exploration, the phenology shifts were grouped by
changing type. As the phenology of water is close to 0, the changing
type of water to the impervious surface was excluded from the

analysis. Fig. 11(d)—(f) show the phenology shifts of urbanized
areas categorized by land cover change type. The SOS advanced
with a median value of 0.98 days for the conversion from forest to
impervious, whereas the SOS postponed with median values of
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Table 3
Comparisons of the previous approach (Pre) and the proposed approach (Pro).
Phen-SOS Phen-EOS Phen-GSL Tren-SOS Tren-EOS Tren-GSL
index Pre Pro Pre Pro Pre Pre Pro Pre Pro Pre Pro
slope 1.003 0.991 1.002 1.005 1.005 0.801 0.813 0.796 0.927 1.008 1.023
R? 0.86 0.93 0.86 0.93 0.77 0.86 0.88 0.54 0.82 0.71 0.83
p <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01

Note that Phen-SOS, Phen-EOS and Phen-GSL represent the experiments in 5.3 for SOS, EOS and GSL. Tren-SOS, Tren-EOS and Tren-GSL mean the experiments in 5.4 for SOS,

EOS and GSL.

4.38 and 2.57 days for the conversions from cropland and grassland
to the impervious surface. The EOS postponed with median values
of 6.94, 0.63 and 5.27 days and GSL prolonged with median values
of 8.40, 9.92 and 10.79 days for the conversions from cropland,
forest, and grassland to the impervious surface, respectively, indi-
cating longer vegetation growing cycles owing to the urban
expansion process.

6. Discussion

The approach using fixed land cover maps and coarse-spatial-
resolution time-series vegetation indices has been proven to be
effective in analysis of urbanization impact on LSP in large areas
(e.g., regional and global scale). However, its applicability has not
been verified within the city scale. To comprehensively compare it
with the proposed approach, the experiments of analyzing the
difference of phenology and their trends between urbanized and
rural regions (5.3 and 5.4) were also conducted with the previous
method. The results of these two methods are listed in Table 3. For
the phenology difference, the proposed approach was provided
with larger R? which elucidated that it reflects the phenology dif-
ferences in urbanized and rural areas more reliably. At the same
time, the proposed approach also achieved results with larger R? in
analyzing phenology trends. In contrast, for the results of these two
experiments with previous method, their R? are smaller compared
with the proposed approach, as well as their slopes are more closed
to 1. Hence, the approach proposed in this work showed better
performances and applicabilities on studying the response of LSP to
urbanization within city scale than the previous method.

7. Conclusions

This study examined continuous urban expansion from 2000 to
2018 with sequential Landsat images and assessed its influences on
LSP from a fine spatio-temporal scale. In comparison with the
previous studies, this research contributed to the analysis of the LSP
discrepancies between urban and rural areas with accurate dy-
namic urban-rural boundaries generated by ECCDC. Moreover, for
exactly matching urban clusters and their changes, vegetation
indices reconstruction and phenology extraction were carried out
through the fusion of time-series MODIS and Landsat EVI com-
posite images, reducing the homogenizing impact of phenology at
urban-rural boundaries caused by coarse-resolution data. Taking
Nanjing as a case study, the key achievements using the proposed
approach were summarized as follows: 1) ECCDC method was
developed and used for mapping urbanization in Nanjing from
2001 to 2018, in which urban areas expanded about 11.18% of the
total area; 2) the SOS was 0.59 + 0.58 days earlier in urban areas
than that in rural areas, while the EOS was 1.65 + 1.55 days later in
urban areas, accompanied by 2.77 + 2.61 days prolonged GSL for
urban LSP; 3) the rates of SOS and EOS delay in rural areas were
0.12 + 0.12 day/year and 0.02 + 0.02 day/year faster than those in
urban areas, along with GSL prolonging rate in urban regions

0.04 + 0.04 day/year faster than that in rural regions; and 4) the
phenology shifts of urbanized areas were provided with post-
poning SOS and EOS and prolonging GSL overall. However, the di-
rections and degrees of phenology shift were diverse for different
transition types in detail.

In summary, this research proposed a novel approach of LSP
impacts of urbanization taking continuous land cover change and
fine spatio-temporal sequential data into account. The experi-
mental results of the typical case study in Nanjing improved the
knowledge of phenology change under the influence of urbaniza-
tion from different perspectives, gaining more public concerns
about the relationships between urbanization and ecosystem.
Futhermore, some other natural driving mechanisms and factors on
LSP impacts of urbanization need to be further studied and
considered in our future work.
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