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Abstract Phenology has become a good indicator for
illustrating the long-term changes in the natural resources
of the Yangtze River Delta. However, two issues can be
observed from previous studies. On the one hand, existing
time-series classification methods mainly using a single
classifier, the discrimination power, can become deterio-
rated due to fluctuations characterizing the time series. On
the other hand, previous work on the Yangtze River Delta
was limited in the spatial domain (usually to 16 cities) and
in the temporal domain (usually 2000–2010). To address
these issues, this study attempts to analyze the spatio-
temporal variation in phenology in the Yangtze River Delta
(with 26 cities, enlarged by the state council in June 2016),
facilitated by classifying the land cover types and
extracting the phenological metrics based on Moderate
Resolution Imaging Spectrometer (MODIS) Normalized
Difference Vegetation Index (NDVI) time series collected
from 2001 to 2015. First, ensemble learning (EL)-based
classifiers are used for land cover classification, where the
training samples (a total of 201,597) derived from visual
interpretation based on GlobelLand30 are further screened
using vertex component analysis (VCA), resulting in 600
samples for training and the remainder for validating.
Then, eleven phenological metrics are extracted by
TIMESAT (a package name) based on the time series,
where a seasonal-trend decomposition procedure based on
loess (STL-decomposition) is used to remove spikes and a
Savitzky-Golay filter is used for filtering. Finally, the
spatio-temporal phenology variation is analyzed by
considering the classification maps and the phenological
metrics. The experimental results indicate that: 1) random
forest (RF) obtains the most accurate classification map
(with an overall accuracy higher than 96%); 2) different
land cover types illustrate the various seasonalities; 3) the
Yangtze River Delta has two obvious regions, i.e., the

north and the south parts, resulting from different rainfall,
temperature, and ecosystem conditions; 4) the phenology
variation over time is not significant in the study area;
5) the correlation between gross spring greenness (GSG)
and gross primary productivity (GPP) is very high,
indicating the potential use of GSG for assessing the
carbon flux.
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1 Introduction and background

Remote sensing time series of medium spatial resolution
optical data have demonstrated a high capacity for
providing plenty of useful land cover information both in
the spatial and temporal domains, leading to a better
understanding of regional ecosystem dynamics. Moderate
Resolution Imaging Spectrometer (MODIS) vegetation
time series data have been used for biomass estimation
(Anderson et al., 2016; Zhang et al., 2016), crop yield
estimation (Zhang and Zhang, 2016), biophysical character
analysis (Ghosh et al., 2016), land cover mapping (Gómez
et al., 2016; Shao et al., 2016), and phenology analysis
(Verbesselt et al., 2010; Marston et al., 2016; Verger et al.,
2016; Zeng et al., 2016; Zhou et al., 2016). Great efforts
have been made in land cover classification and phenology
analysis using MODIS vegetation time-series data. Land
cover classification is essential for managing natural
resources, modeling environmental variables, and under-
standing habitats (Gómez et al., 2016), which has been
enhanced by various methods. For example, Demir et al.
(2013) have proposed a novel change-detection-driven
transfer learning (TL) approach to update land-cover maps
by classifying time series data. A hidden Markov model
(HMM) was used to distinguish real land cover changes
from spurious land cover changes (Abercrombie and
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Friedl, 2016). Multilabel classification, a powerful frame-
work in machine learning, was used for inferring the
complex relationships between time series and spectral
profiles of different types of surface materials (Karalas et
al., 2016). Smoothing algorithms were applied to MODIS
NDVI time-series data to denoise data used for land-cover
classifications across the Laurentian Great Lakes Basin
(Shao et al., 2016). MultiLayer Perceptron (MLP)
considering the Abundance Non-negativity Constraint
and the Abundance Sum-to-one Constraint was proposed
for the multi-class sub-pixel land cover classification of a
time series of low-resolution MODIS images covering the
northern part of Belgium (Heremans et al., 2016). Support
vector machines (SVMs) were adopted to address the
space-time distribution of the dominant vegetation land
cover types in Iraq, particularly croplands, based on
MODIS NDVI from 2002 to 2012 (Qader et al., 2016). A
one-class SVM was also used to detect different rice-
growth signatures and classify paddy rice areas in
continental China (Clauss et al., 2016). A Dynamic Time
Warping distance-based similarity measure approach was
used to reduce the inaccuracy of classification using a
single image (Guan et al., 2016). Wohlfart et al. (2016)
have derived land cover characteristics and dynamics from
the last decade based on optical high-temporal MODIS
NDVI time series for the whole of Yellow River Basin.
Zhu et al. (2016) have proposed a new approach to map
fractional cropland distributions in Mato Grosso, Brazil,
using time series of MODIS enhanced vegetation index
and Landsat Thematic Mapper data.
Time-series data have demonstrated a high capacity for

land cover classification, where machine learning methods
(e.g., TL, HMM, multilabel classification, MLP, and SVM)
serve as engines for promoting progress in this community.
Although high performances have been obtained by the
aforementioned classifiers, the discrimination power may
be deteriorated due to the fluctuations of time series when
using a single classifier.
In this context, ensemble learning may be more effective

for the classification of time-series data. Ensemble learning
was designed to combine results from many weak learners
into one ensemble predictor, aiming at improving
classification accuracy and stability (Zhang and Ma,
2012). Generating such an effective ensemble lies in the
core of this paradigm, where the base learner, an ensemble
of weaker learners, and the combination method com-
monly different from various ensemble learning methods.
Bagging, Random Forest, and Rotation Forest, respec-
tively, focus on training data sampling, feature selection,
and feature extraction to generate the associated ensemble
(Du et al., 2012). Previous work have validated the good
performance of these methods for hyperspectral remote
sensing image classification (Xia et al., 2014, 2015; Xue et
al., 2015). Our previous work adopted ensemble learning
for phenology-driven land cover classification based on
time-series (Xue et al., 2014a).

Phenology analysis focuses on land cover seasonal
trajectory with three major characteristics (Verbesselt et al.,
2010; Xue et al., 2014a): 1) Phenological features, i.e., a
significant change in seasonal shape. For inter-annual
periods, this change appears as phenological metric (e.g.,
start of season, SOS) changes originating from short- term
climate fluctuations (e.g., temperature and rainfall). For a
long period, this change manifests as annual phenological
shifts caused by long-term climate changes or large-scale
anthropogenic disturbances (e.g., urbanization). 2) An
abrupt change, i.e., a step change driven by temporal
disturbances (e.g., deforestation, floods, fires or sensor
errors). 3) A gradual trend, i.e., a linear trend triggered by a
gentle change in seasonality (e.g., land degradation or a
long-term change in rainfall).
Several methods for deriving or analyzing phenological

metrics have been proposed. For example, Chen et al.
(2016) have proposed a simple method called weighted
cross-correlogram spectral matching-phenology (CCSM-
P), which combines CCSM and a weighted correlation
system, for detecting vegetation phenological changes
using multiyear vegetation index time series. A simple
smoother without any local adjustments based on a
Continuous Wavelet Transform was proposed for deriving
phenological metrics based on MODIS NDVI time-series
data (Qiu et al., 2016). In the work performed by Zhao et
al. (2016), the land surface phenological metrics were
calculated using the third generation dataset from the
Global Inventory Modeling and Mapping Studies
(GIMMS 3 g) for 1982 to 2013. The metrics were then
estimated to analyze the variations in the land surface
phenology in Northeast China at different scales and to
discuss the internal relationships between phenology and
climate change. Zhou et al. (2016) have investigated the
trends of the phenological metrics (i.e., start, end, and
length of growing season: SOS, EOS and GSL, respec-
tively) of individual cities and across cities relative to rural
areas for the 32 major cities of China using MODIS data
between 2007 and 2013.
Developments in phenology analysis focus on phenolo-

gical metric extraction, phenology change detection, the
relationships between phenology and climate change,
phenology trend investigation, the relationships between
phenology and urbanization, and the relationships between
LSP and LST. Phenology has become a good indicator for
illustrating the long-term phenology changes.
China has experienced a rapid urban expansion over the

past three decades because of its accelerated economic
growth, leading to several typical urban agglomerations,
especially at the Yangtze River Delta. Few studies of land
cover change have been conducted on the Yangtze River
Delta based on MODIS vegetation time-series data. For
example, Zhao et al. (2009) have investigated the spatio-
temporal variations (2001–2006) of vegetation cover at
Dongtan, Chongming Island, in the Yangtze River estuary,
China, to assess its rapid vegetation succession and
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physical conditions. Wei et al. (2012) have used the
TIMESAT program to quantify annual vegetation produc-
tion and trends based on Advanced Very High Resolution
Radiometer NDVI imagery obtained from 1982 to 2006
over China, including the Pearl River Delta, the Yangtze
River Delta, and areas along the Yangtze River. Han and
Xu (2013) have used the SPOT/VGT NDVI time-series
images (2002–2009) and MODIS land surface temperature
(LST) images (2002–2009) smoothed by a Savitzky-Golay
filter to extract the land surface phenology (LSP) and LST,
respectively, for six cities in the Yangtze River Delta,
China. Li et al. (2015) have used MODIS observations to
describe the changes in land surface characteristics,
including land-cover type, green vegetation fraction, and
leaf area index, with a weather research and forecasting
model. Shi and Huang (2015) have proposed a Normalized
Weighted Difference Water Index to identify the unique
characteristics of rice during the 2000–2010 period in the
Yangtze River Delta.
However, studies in the Yangtze River Delta were

conducted for the period of 2000–2010 based on the
former boundary composed of 16 cities. Given the
background, this is the first step in the spatio-temporal
phenology analysis of the Yangtze River Delta based on
MODIS NDVI time series, particularly for the period of
2001– 2015 and with an enlarged boundary covering the
26 cities indicated by the state council in June 2016.
Nevertheless, this work focused on the two aforemen-

tioned issues by analyzing the spatio-temporal variation of
phenology in the Yangtze River Delta based on the
MODIS NDVI time-series data for the period of 2001–
2015, which was motivated by classifying the land cover
types and extracting the phenological metrics.
First, we compared different EL-based classifiers with

other traditional machine learning-based classifiers for
land cover classification, where the training samples
derived from visual interpretation were pured using vertex
component analysis (VCA) (Nascimento and Dias, 2005).
Second, eleven phenological metrics were extracted for
land cover phenology analysis based on the time series
using a seasonal-trend decomposition procedure based on
loess (STL-decomposition) for spike removal and filtered
with a Savitzky-Golay filter. Finally, spatio-temporal
phenology variations were analyzed by considering the
classification maps and the phenological metrics. Note-
worthy, each land cover type has a specific phenological
pattern. Consequently, land cover classification should be
conducted first before analyzing the phenology since one
cannot analyze the spatial or temporal phenological
variations without the identification of different phenolo-
gical patterns with respect to different land cover types.
The major novelty and contributions of this study are:
– EL-based classifiers are applied to classify long-term

MODIS NDVI time-series data, which can alleviate the
effects of signal contamination, thus possibly leading to
more accurate classification results.

– Spatio-temporal analysis of phenology in the Yangtze
River Delta with an enlarged boundary during the period of
2001–2015 is conducted. The analysis is found to be more
significant and reliable since the research period covers the
past 15 years and the spatial domain considers the latest
boundary.
– Gross spring greenness is highly related to GPP, which

indicates the further potential of using GSG for the
assessment of carbon flux.

2 Study area and data

2.1 Study area

The study area is located in the Yangtze River Delta
bounded by the East China Sea. The state council passed
the “Urban Agglomeration Development Plan of Yangtze
River Delta” (the Plan for short) in June 2016. The Plan
stipulated that the urban agglomeration of the Yangtze
River Delta consists of Shanghai City, Jiangsu, Zhejiang,
and Anhui provinces, where Shanghai lies at the core. As
shown in Fig. 1, the study area consists of 26 cities:
Shanghai; nine cities from Jiangsu province, i.e., Nanjing,
Wuxi, Suzhou, Nantong, Yancheng, Yangzhou, Zhenjiang,
and Taizhou; eight cities from Zhejiang province, i.e.,
Hangzhou, Ningbo, Jiaxing, Huzhou, Shaoxing, Jinhua,
Zhoushan, and Taizhou; and eight cities from Anhui
province, i.e., Hefei, Wuhu, Maanshan, Tongling, Anqing,
Chuzhou, Chizhou, and Xuancheng. This covers an area of
21.17 km2, only occupying 2.2% of the total national land
area. However, this area produces 12.67 billion CNY of
gross domestic product (GDP) according to the statistics
obtained in 2014, accounting for nearly 18.5% of the total
national GDP (according to “The Yangtze River Delta
urban agglomeration development plan” released by the
state council in June 2016). Yangtze River Delta is
characterized by its high energy, greatest openness, most
powerful innovation, and highest input population, making
it the most important intersection region in the Yangtze
River economic zone.

2.2 MODIS data acquisition and pre-processing

The performance of the methodology is demonstrated on
15-year time series (from 2001 to 2015) of 250-meter 16-
day composite NDVI datasets MOD13Q1 collected by
MODIS. The MODIS NDVI is generated from the MODIS
level 2 (L2G) daily surface reflectance products (MOD09
series), which can provide red and near-infrared surface
data (Fensholt and Proud, 2012). The MOD13Q1 product
has been atmospherically corrected by masking water,
clouds, heavy aerosols, and cloud shadows, which have
been considered for detecting the phenological response of
vegetation (Wardlow et al., 2007). A constrained view-
maximum value composite method based on the daily
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reference data was used to generate the products (Huete
et al., 2002). The MODIS NDVI data product is in
the Hierarchical Data Format Earth Observation System
(HDF-EOS) referenced to a global sinusoidal tiling system
with 10° latitude by 10° longitude without overlapping.
The study area is covered by four adjacent tiles indexed
by “h27v05”, “h27v06”, “h28v05”, and “h28v06”. Using
the MODIS reprojection tool, a “*.bat” file is developed
to clip, mosaic, re-project, re-sample, and convert
the MODIS products into GeoTIFF files in a batch
processing mode. All the products are projected onto the
Universal Transverse Mercator 50N zone along with a
WGS 1984 coordinate system, which is considered as the
standard projection and coordinate system throughout our
study.

2.3 Reference data collection

The reference data are obtained by visual interpretation
according to GlobelLand30 (Chen et al., 2014). Globel-

Land30 is the world’s first 30 m resolution land cover
dataset combining land resource information, HJ-1, and
Landsat images. A hierarchical classification strategy was
proposed for GlobalLand30, where land cover type
extraction, automatic classification using eco-geographical
zone data and other reference data, and interactive editing
guided by expert knowledge are combined effectively to
achieve high-precision datasets. Therefore, GlobalLand30
was applied with multiple data sources and a complex
classification system to control the accuracy. In addition,
the reference data were selected by visual interpretation
based on GlobalLand30 and were downscaled to 250 m to
accommodate the MOD13Q1 product using a nearest
neighbor interpolation method for resampling. In this
context, the inconsistencies and mistakes of visual
interpretation based on GlobalLand30 are greatly reduced.
Figure 2(a) depicts the land cover map generated by
GlobelLand30, and Figure 2(b) shows the region of
interest chosen through visual interpretation. The study
area includes six land cover types, i.e., cultivated land,

Fig. 1 Yangtze River Delta covering 26 cities from Jiangsu, Zhejiang, and Anhui provinces, including Shanghai City.
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forest, grassland, wetland, water bodies, and artificial
surfaces, with a total of 201,597 samples.

3 Methodology

The methodology for the spatio-temporal analysis of
phenology in the Yangtze River Delta based on MODIS
NDVI time series from 2001 to 2015 is illustrated in detail
in Fig. 3 and described with the multiple processing steps
given below.

3.1 Land cover sample screening

The validation samples (a total of 201,597) are selected by
visual interpretation based on GlobeLand30 covering the
same area. To reduce the effects caused by temporal and
human factors during sample selection, all the interpreted
samples are screened using vertex component analysis
(VCA) (Nascimento and Dias, 2005). The algorithm exploits
two facts: 1) the endmembers are the vertices of a simplex,
and 2) the affine transformation of a simplex is also a
simplex. The algorithm assumes the presence of pure pixels
in the data and iteratively projects data onto a direction
orthogonal to the subspace spanned by the endmembers
already determined. The new endmember signature corre-
sponds to the extreme of the projection. The algorithm
iterates until the number of endmembers is exhausted.

VCA is unsupervised and is based on the geometry of
convex sets, which exploits the fact that endmembers
occupy the vertices of a simplex, as shown in Fig. 4. VCA
performs better than pixel purity index (PPI) and better
than or similar to N-finder algorithm (N-FINDR). VCA
has, however, the lowest computational complexity among
these three algorithms. Savings in terms of computational
complexity ranges between one and two orders of
magnitude. We adopt VCA to generate more pure samples
(100 per class) that can well represent the specific land
cover type.

3.2 Time-series filtering

3.2.1 STL-decomposition for spike removal

Spikes and outliers can be found in many time series, and it
is important to focus on pre-processing since remaining
spikes and outliers may seriously degrade the final function
fits (Eklundh and Jönsson, 2015). Time-series data can be
decomposed into season, trend, and remainder components
using the seasonal-trend decomposition procedure based
on loess (STL-decomposition) (Verbesselt et al., 2010)
given as follows:

Yt ¼ St þ Tt þ et ðt ¼ 1, :::, nÞ, (1)

where Yt are the observed data and St, Tt, and et are,

Fig. 2 Land cover reference maps for Yangtze River Delta. (a) GlobeLand30, (b) Regions of interest chosen from GlobeLand30.
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respectively, the season, trend, and remainder components
at time t.
Assume that the seasonal breakpoints have been given

as t1# , ...,tp#, and define t0# = 0, tp+ 1
#= n. Thus, St can be

represented by a harmonic model with K terms:

St ¼
XK

k¼1

aj,ksin
2πkt
f

þ δj,k

� �
j ¼ 1,:::,pð Þ, (2)

where aj,k, dj,k, and f are the segment-specific amplitude,
phase, and frequency (e.g., f = 23 for an annual observation
of time series with a 16-day interval), respectively. The
harmonic term is k, the maximum harmonic is K = 3, that
is, k = 1, 2, 3.
Suppose that Tt is piecewise linear with specific slopes

and intersects onm+ 1 segments broken bym breakpoints,
t1*, ..., tm* . Then, Tt is of the form

Tt ¼ ai þ bit, (3)

where i = 1, ..., m, t0* = 0, and tm* + 1 = n.
The decomposition model illustrated in Eq. (1) is not so

straightforward due to the unknown season and trend
breakpoints, along with aj,k and bj,k for St and ai and bi for
Tt. Therefore, an ordinary least squares residual-based
moving sum test is often used to test whether the
breakpoints occur. St and Tt are finally obtained in an
iterative fitting model.
Data values that do not fit the pattern under Eq. (1) are

assigned small weights. The spikes can then be detected
when the weight is less than a pre-defined threshold (i.e.,
1e–8). To remove those spikes, the time series are assigned
weights that are products of the weights from the STL-
decomposition.

3.2.2 Savitzky-Golay filter

One way of smoothing data and suppressing disturbances
is to use a filter and replace each data value yi, i = 1, ..., N ,
by a linear combination of nearby values in a window
(Chen et al., 2004)

Xn

j¼ – n

cjyi þ j, (4)

where the weights are cj = 1/(2n + 1) and the data value yi
is replaced by the averaged value within the window. The
moving-average method preserves the area and mean
position of a seasonal peak, but it alters both the width and
height. The latter properties can be preserved by
approximating the underlying data value with the value
obtained from a least-squares fitting to a polynomial of
degree.

3.3 Ensemble learning-based classification

Ensemble learning is designed to combine results from

Fig. 3 Flowchart of the methodology used in this study.

Fig. 4 A toy example of VCA for pure sample selection. The
points with different colors represent specific land cover types, and
the points in the circle are likely to be the endmembers.
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many weak learners into one ensemble predictor, aiming at
improving classification accuracy and stability. The multi-
ple classifiers can be designed independently without any
mutual interaction, and their outputs are combined
according to a given strategy. Generating such an effective
ensemble lies at the core of this paradigm, where the base
learner, an ensemble of weaker learners, and the combina-
tion strategy commonly differ between various ensemble
learning methods. Bagging, Random Forest, and Rotation
Forest focus on training data sampling, feature selection,
and feature extraction, respectively, to generate the
associated ensemble of classifiers. Figure 5 depicts the
general framework for Bagging, RoF, RS, and RF, where
the ensemble size is set to 10, and majority vote is used to
combine the results of different classifiers.

To avoid biased evaluation originating from training
data initialization, we applied VCA to choose more reliable
samples for each classifier. In each run, 100 labeled
samples per class were used for training, and the remaining
200,997 samples were used for validating. We used limited
training samples on purpose to test the generalization
performance of the different classifiers.
The performance of different classifiers was compared in

terms of class-specific accuracy, overall accuracy (OA),
average accuracy (AA), and the Kappa coefficient (k). The
differences between classifiers were evaluated using the
Kappa and McNemar z-score statistical tests (Foody,
2004). The critical value of the z-score is 1.96 at a
confidence level of 0.95, which means when z-score value
between two classification methods is higher than 1.96,
they have significant difference.

3.4 Phenological metric extraction

Phenology patterns can be identified by critical points,
lines, and areas called phenological metrics in the seasonal
trajectory. For example, the start of season (SOS), which
means the timing of half maximum during vegetation
growth, is one of the most commonly used metrics
(Hmimina et al., 2013). Moreover, certain other metrics,
such as the end of season (EOS), length of season (LOS),
base level of season (BOS), timing of mid-season (TOMS),
peak value of season (POS), amplitude of sea- son (AOS),
rate of grow-up (ROG), rate of senescence (ROS), gross
spring greenness (GSG), and net spring greenness (NSG),
were also included in our study based on the fitted time
series by TIMESAT. A graphical illustration of the
phenological metrics is shown in Fig. 6. Additional details
about the definitions of those phenological metrics can be
found in Table 1.

4 Experimental results

4.1 Experimental settings

The adopted packages, platform and parameter settings for
the experiments are introduced as follows:
– Ensemble learning-based classifiers, including Bag-

ging (Breiman, 1996), Rotation Forest (RoF) (Rodriguez et
al., 2006), Random Subspace (RS) (Ho, 1998), and
Random Forest (RF) (Breiman, 2001) were compared
with other traditional classifiers, i.e., k-nearest neighbors
(kNN) (Cover and Hart, 1967), SVM (Cortes and Vapnik,
1995), MLR via variable splitting and augmented
Lagrangian (LORSAL) (Li et al., 2011), and sparse
representation based classification (SRC) (Wright et al.,
2009). The ensemble sizes of the ensemble learning

Fig. 5 Graphical illustration of an ensemble learning-based
classification scheme. The notation is as follows: Bagging-
ensemble learning based on bootstrap; RoF- Rotation Forest;
RS- Random Subspace; and RF- Random Forest.

Fig. 6 Graphical illustration of the phenological metrics (Xue et
al., 2014a).
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methods were experientially set to 10. For kNN, the
neighbor size was set to 3. For SVM, a particle swarm
optimization (PSO) (Xue et al., 2014b) strategy was
adopted to optimize the parameters used in SVM. For
LORSAL, we adopted the recommended parameters. As
for SRC, the sparsity level was set to 5. These
experimental settings may be suboptimal, but they have
produced good results. For each land cover type, VCAwas
adopted to select the training samples, and the remaining
samples were used for validation.
– TIMESAT (Jönsson and Eklundh, 2002) was used to

extract the phenological metrics, where STL decomposi-
tion was used to remove the spikes and Savitzky-Golay
used to fit the time series. The moving window size was set
to 4, and the adaptation strength was set to 2. The default
number of the inter-annual season was set to 1.
Noteworthy, TIMESAT extracts seasonality data only for
the n–1 center-most seasons with a period of n years in the
time series, which means that it produces only 14 seasons
when inputting 15 years of data.
– The experiments were conducted using Matlab

R2015b (64-bit) on a desktop PC equipped with an Intel
Xeon E3 CPU (at 3.4 GHz) and 32 GB of RAM.

4.2 Land cover classification

We first analyzed the impact of the training set size on the
classification accuracy. Figure 7 illustrates the evolution of
OAwith the number of labeled samples per class. Note that
SVM did not perform very well due to the ill-posed
classification problem. Therefore, we did not implement
SVM in this test. The OAs obtained by the different
methods increase as the training set size increases (Fig. 7).
EL-based methods, i.e., Bagging, RoF, FS, and RF,
obtained higher accuracies than do LORSAL and SRC.
Furthermore, LORSAL did not perform very well when
the number of labeled samples per class was lower than 60.

Another observation was that different EL methods yielded
similar results. However, RF significantly outperformed
the other methods. Interestingly, kNN yielded a competi-
tive classification performance.
The classification accuracies and the statistical test

results for these classifiers are reported in Table 2 with
100 labeled samples per class. Obviously, RF produced
the highest OA (96.64%), AA (96.25%), and k
(0.954). Bagging generated a competitive classification
accuracy with a slightly lower AA (95.30%) compared to
RF.
The results of the Kappa and McNemar z-score

statistical tests conducted for between-classifier indicated

Table 1 Definitions, abbreviations, and properties of different phenological metrics

Name Deftnition Abbreviation Description in Fig. 6

Start of season Timing determined by seasonal level 50% before mid-season SOS a

End of season Timing determined by seasonal level 50% after mid-season EOS b

Length of season Time from SOS to EOS LOS g

Base level of season Average value of the base line under time series BOS h

Timing of mid-season The mean timing between c and d TOMS i

Peak value of season The maximum value of time series POS e

Amplitude of season The difference between POS and BOS AOS f

Rate of grow-up The average slope between a and c ROG –

Rate of senescence The average slope between b and d ROS –

Gross spring greenness The area covered by the fttted curve and the base level h
between SOS and EOS

GSG S2

Net spring greenness The area covered by the Fitted curve and the senescence level
j between SOS and EOS

NSG S1

There is no graphical description for “–”.

Fig. 7 Overall accuracy (OA) as a function of number of labeled
samples per class. The notation is as follows: kNN- k nearest
neighbor; LORSAL- multinomial logistic regression via variable
splitting and augmented Lagrangian; SRC- sparse representation-
based classification method; Bagging- ensemble learning based on
bootstrap; RoF- Rotation Forest; RS- Random Subspace; and RF-
Random Forest.
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that RF achieved a significantly better classification result
compared to other traditional classifiers, which was
supported by the high z-score values listed in Table 3. It
can be observed that all the tests were significant at 95%
confidence level, except for Bagging/RF. The lower Kappa
and McNemar z-score values between Bagging and RF
illustrate that the two methods generated more similar
classification results than other pairs, which agreed with
the results listed in Table 2. The results imply that the
generalization performance of Bagging and RF are similar
for time-series data. It is worth noting that we were not
focused on testing which ensemble learning method would
produce the best result; instead, we attempted to
demonstrate the effectiveness of ensemble learning for
time-series data classification compared to other traditional
classification methods.
Figure 8 depicts the classification maps obtained by

different methods with 100 labeled samples per class. The
differences between the classification maps can be greatly
appreciated when classifying artificial surfaces. This is due
to the fact that the time series of artificial surfaces are
unstable and usually affected by more disturbances since
the anthropogenic activities in this region are obvious. As
expected, Bagging and RF obtain better classification
maps. The classification maps for the other ensemble-
based classifiers were similar. Cultivated land is located in
the north part of the Yangtze River Delta. Forest is
distributed in the south part of the Yangtze River Delta.
Grassland is not so clear from the classification maps since
they are too small. Wetland and water bodies are clearly
classified along the Yangtze River. Artificial surfaces are
located in the east coast of the ocean.

4.3 Phenological metrics extraction

Due to the specific ecosystem of the Yangtze River Delta,
several typical phenological patterns occur in this area. The
details of the extracted phenological metrics are reported in
Table 4. To visually inspect the effects of time-series
filtering and phenological metric extraction, the average
annual phenologies of the investigated land cover types are
illustrated clearly in Fig. 9 after averaging the results of
100 samples.
By comparing the “Raw” and “Fitted” curves in Fig. 9,

we can observe that the Savitzky-Golay method with STL-
decomposition-based spike removal can effectively filter
the time-series data. To illustrate the performance of
phenological metric extraction, SOS and EOS are indicated
in the curves. According to the figure, we conclude the
following:
– Cultivated land is common in many parts along the

Table 2 A comparison of different classifiers in terms of class-specific accuracy, OA, AA, k (100 labeled samples per class)

Class Train Test Classification methods

kNN SVM LORSAL SRC Bagging RoF RS RF

Cultivated land 100 73702 92.00 96.26 92.81 88.50 94.76 92.42 88.66 96.61

Forest 100 51984 99.53 99.73 99.35 99.98 97.64 98.45 98.45 98.40

Grassland 100 1109 85.11 89.91 96.69 98.76 89.50 90.07 88.92 91.15

Wetland 100 1638 50.35 94.02 78.71 98.62 93.90 73.71 92.81 98.73

Water bodies 100 47042 93.89 89.02 85.96 82.10 98.04 96.41 93.89 93.48

Artiftcial surfaces 100 25522 99.50 92.30 94.98 42.59 97.97 99.02 99.68 99.12

Average accuracy - - 86.73 93.54 91.42 85.09 95.30 91.68 93.73 96.25

Overall accuracy - - 94.94 94.90 93.08 84.28 96.64 95.57 93.85 96.64

k statistic - - 0.931 0.931 0.906 0.786 0.954 0.940 0.917 0.954

kNN: k nearest neighbor classifter (Cover and Hart, 1967). SVM: support vector machine (Cortes and Vapnik, 1995).
LORSAL: multinomial logistic regression via variable splitting and augmented Lagrangian (Li et al., 2011). SRC: sparse representation-based classiftcation (Wright et
al., 2009).
Bagging: an ensemble learning-based classifter formed by making bootstrap replicates of the training data (Breiman, 1996).
RoF: Rotation Forest, an ensemble learning-based classifter generated from a base classifter based on feature extraction (Rodriguez et al., 2006).
RS: Random Subspace, an ensemble learning method that attempts to reduce the correlation between estimators in an ensemble by training them on random samples of
features instead of the entire feature set (Ho, 1998).
RF: Random Forest, an ensemble of tree predictors such that each tree depends on the randomly selected features (Breiman, 2001).
The critical value of the z-score is 1.96 at a conftdence level of 0.95. All the tests are signiftcant with 95% conftdence, except for Bagging/RF.

Table 3 Statistical test between-classifter in terms of Kappa z-score
and McNemar z-score (100 labeled samples per class)
Classifier Statistical test between-classifier

k (z-score) McNemar (z-score)

kNN/RF 26.95 1.83E+ 3

SVM/RF 27.67 1.25E+ 3

LORSAL/RF 51.74 2.92E+ 3

SRC/RF 141.37 2.00E+ 3

Bagging/RF 0.17* 0.02*

RoF/RF 17.56 0.43E+ 3

RS/RF 41.53 4.19E+ 3
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Fig. 8 Classification maps obtained by (a) kNN, (b) SVM, (c) LORSAL, (d) SRC, (e) Bagging, (f) RoF, (g) RS, and (h) RF. The
following notation is used: kNN- k nearest neighbor; SVM- support vector machine; LORSAL- multinomial logistic regression via
variable splitting and augmented Lagrangian; SRC- sparse representation-based classification method; Bagging- ensemble learning based
on bootstrap; RoF- Rotation Forest; RS- Random Subspace; and RF- Random Forest.

Table 4 Typical land cover phenological metrics after averaging the results obtained from 2001 to 2015

Class Phenological metrics

SOS EOS LOS BOS TOMS POS AOS ROG ROS GSG NSG

Cultivated land 180.1 294.3 114.3 3476.3 244.5 7686.8 4210.6 447.6 946.3 57894.3 26720.7

Forest 118.6 322.5 204.1 5661.1 214.8 8445.8 2784.7 608.1 368.7 115426.4 32567.9

Grassland 79.1 174.0 94.7 2359.1 124.1 6683.2 4324.2 949.8 787.3 42095.0 23691.4

Wetland 134.3 308.2 173.9 718.7 230.5 4066.3 3347.6 379.0 505.1 41337.9 32071.4

Water bodies 130.2 318.3 188.1 ‒935.7 235.4 299.4 1235.0 95.2 194.9 ‒454.2 12342.9

Artiftcial surfaces 111.8 310.7 198.8 2017.7 215.8 3990.7 1973.0 252.6 263.6 50868.6 21800.7
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Fig. 9 Typical land cover seasonal analysis with Raw and Fitted series marked as SOS (start of season) and EOS (end of season).
(a) Cultivated land, (b) Forest, (c) Grassland, (d) Wetland, (e) Water bodies, and (f) Artificial surfaces.
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Yangtze River due to the rich amounts of rainfall. The
associated phenology usually has two or more seasons in one
calendar year due to the regular farming activities between
seasons. In addition, the time series have more disturbances
(abrupt changes) triggered by human intervention, and those
changes are valuable since they always indicate the timing of
urbanization occurring simultaneously.
– Forest is distributed in the south part of the Yangtze

River, which is characterized by strong photosynthetic
activity. Thus, its inter-annual NDVI value is always high,
with a relatively early SOS and later EOS, between which
there appears a tiny valley at the middle of the year. It
presents extremely low inter-annual variability without a
clear peak value due to its insensitivity to rainfall and
temperature changes. Typical regions include several
parks, e.g., the Sun Yat-Sen Mausoleum in Nanjing.
– Grassland is rare in this region due to the lower spatial

resolution of the MODIS dataset. However, the data
present typical inter-annual variability in response to
cumulative rainfall, resulting in one clear biomass peak
and valley. Similar to grassland, wetland also has typical
inter-annual variability. However, it is more stable since it
is insensitive to urbanization.
– The phenology trajectories of water bodies and

artificial surfaces are not illustrated in detail here since
we focus on vegetation. However, they still can be
classified using the corresponding time series even if
they have no phenology characteristics.

5 Discussion

5.1 Analysis of different classifiers

First, kNN assigns an object with the label that is most
common among its k nearest neighbors, also known as
majority voting. Some drawbacks of the kNN classifier are as
follows: 1) A more frequent class tends to dominate the
prediction of any unknown sample when the class distribu-
tion is skewed, which is also the weakness of majority
voting. 2) The performance of kNN is sensitive to the
parameter k, which also can be severely degraded by the
presence of noise. 3) This method is computational intensive
for large amounts of training data; thus, an appropriate
nearest neighbor search algorithm should be adopted.
Second, SVM is a non-parametric statistical learning-

based classifier that finds a hyperplane determined by a few
support vectors learned from the training data and
separates the unknown data based on these support
vectors. SVM appears to be especially advantageous in
the presence of heterogeneous classes with only a small
amount of training data available. A major drawback
concerning the use of SVM for high-dimensional data
classification is the choice of kernel and the setting of other

parameters, which can substantially affect the classification
performance.
Third, Bagging, Random Forest, and Rotation Forest are

ensemble learning- based classifiers that focus on training
data sampling, feature selection, and feature extraction,
respectively, to generate the associated ensemble. In our
study, decision tree was used as the base learner, the
ensemble size was set to 10, and majority voting was
adopted to produce the final prediction for the four
classifiers. The experimental results demonstrate the
similar performance of the four methods. Among them,
Random Forest, followed by Bagging, obtained the highest
accuracy. This observation is in agreement with the results
of Fernandez-Delgado et al., who tested 179 classifiers and
found that Random Forest is the best classifier (Fernandez-
Delgado et al., 2014).
Next, as a sparse representation-based classification

method, SRC opened up a new era of study for remote
sensing image classification and garnered substantial
attention from researchers worldwide. SRC inherits the
merits of sparse represen- tation, and it assigns a label for
unknown samples according to the label of the sub-
dictionary that produces the smallest reconstruction error.
Finally, LORSAL has emerged as a state-of-the-art

classifier for remote sensing image classification in recent
years. It serves as an efficient optimization algorithm used
to learn the regressors in sparse multinomial logistic
regression. LORSAL can generate label probability
distributions for unknown data, allowing for high
flexibility in conjunction with other disciplines involving
probabilities.

5.2 Spatial phenology analysis

With the fitted and spike-removed time series, we first
transformed those time series into HDF-EOS format and
then calculated their phenological metrics using TIME-
SAT. Within-annual variability for SOS, EOS, LOS, BOS,
TOMS, POS, AOS, ROG, ROS, GSG, and NSG can be
spatially analyzed in Fig. 10. The legends on the left-hand
side of SOS, EOS, LOS, and TOMS represent the calendar
day of the inter- annual season, whereas the legends for the
other metrics represent the corresponding values.
Several observations can be made from Fig. 10 by visual

inspection of the spatial-temporal variations in different
phenological metrics. Forest area showed a clear earlier
SOS, whereas Cultivated land exhibited an obviously later
SOS, which was due to the farming activities. Wetland
presented a much earlier SOS (i.e., 0–38). Most regions
presented a similar EOS, with small differences between
the north and south parts of the Yangtze River Delta. The
LOS of the north part was smaller than that of the south
part. Different land cover types exhibit obviously different
BOS, and Forest had a higher BOS compared to Cultivated
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Fig. 10 Spatial visualization of averaged phenological metrics obtained from 2001 to 2015. (a) SOS, (b) EOS, (c) LOS, (d) BOS,
(e) TOMS, (f) POS, (g) AOS, (h) ROG, (i) ROS, (j) GSG, and (k) NSG. The following notation is used: SOS- start of season; EOS- end of
season; LOS- length of season; BOS- base level of season; TOMS- timing of mid-season; POS- peak value of season; AOS- amplitude of
season; ROG- rate of grow-up; ROS- rate of senescence; GSG- gross spring greenness; and NSG- net spring greenness.

104 Front. Earth Sci. 2019, 13(1): 92–110



land. Different regions presented different values of
TOMS, and the regions along the east coast of the ocean
have smaller TOMS, which was in accordance with the
SOS and EOS. Most parts of the study area showed similar
POS, except for water bodies and artificial surfaces,
whereas the south part presented a much lower AOS. The
south part exhibited higher ROG and ROS, illustrating the
greater vegetation vigor for this region, i.e., the Forest.
GSG and NSG reflected the regional spring greenness,
which are directly linked with the biomass. The corre-
sponding results demonstrated that the north part of the
Yangtze River Delta has a greater capacity for producing
biomass, which is in accordance with the classification
map since Cultivated land is distributed in the north part.

5.3 Temporal phenology analysis

Figure 11 illustrates the changes in different phenological
metrics (as a function of year) obtained for different land
covers. Different vegetation has different phenology
characteristics, which induce the inter-annual variation of
phenology, whereas the between-annual phenology
changes are mainly affected by rainfall, temperature,
urbanization, deforestation, floods, fires, etc. (Verbesselt
et al., 2010; Xue et al., 2014a). However, climate changes
are the main driving forces for triggering the inter-annual
phenology variability.

5.4 Atmospherical impacts on phenology

Based on the extracted seasonality parameters, we attempt
to explain the phenology changes in the study area. For this
purpose, two typical land cover types, cultivated land and
forest, were considered. Moreover, the climate statistic
data, i.e., rainfall and temperature from 2001 to 2014, were
obtained to facilitate this analysis.
Figure 12 illustrates the evolution of yearly SOS and

EOS for two typical land cover types against the yearly
accumulated rainfall and the average temperature, where
the left axis represents SOS or EOS and the right axis
means rainfall or temperature. Variability in SOS and EOS
reflected a temporal response to climate change, especially
for rainfall. For cultivated land, the SOS fell on calendar
day 180, which was much earlier than the average level
from 2001 to 2014. This can be explained by the lowest
rainfall (approximately 50 mm) in this drought year. A
similar observation can be made for 2011. Another
observation is that there was a significant correlation
between EOS and rainfall occurring in 2011. In addition,
we also found that SOS and EOS were closely related to
temperature, with certifications in 2003 and 2011 for both
SOS and EOS. As for forest, this correlation was not as
obvious since forest is insensitive to rainfall and
temperature changes.

5.5 Correlation analysis of GSG versus GPP

We conducted a correlation analysis of GSG versus GPP
(Gross Primary Production) to explore the relationship
between them. To this end, the average GPP from MODIS
8-day composite products MOD17A2 in the year of 2001,
2007, and 2014 were calculated. Then, these products were
mosaicked, projected, resampled, and converted into
GeoTIFF files. Third, some randomly selected samples
were chosen to use for correlation analysis of GPP versus
GSG. A relatively high correlation can be seen in Fig. 13.
The correlation coefficients of GPP versus GSG were 0.73,
0.71, and 0.74, respectively, for 2001, 2007, and 2014,
which indicates that GSG was highly related to photo-
synthesis of vegetation. This observation provides further
potential use of GSG for the assessment of carbon flux.

6 Conclusions

In this paper, a novel methodology was presented to
address the limitations of existing studies on time-series
classification using only a single classifier and the
inadequacy of previous work on phenology analysis in
smaller spatial domains and for shorter temporal periods,
with a special emphasis on the Yangtze River Delta.
We focused on analyzing the spatio-temporal changes in

phenology for the Yangtze River Delta (with a new
boundary enlarged by the state council in June 2016) based
on Moderate Resolution Imaging Spectrometer (MODIS)
NDVI time-series data collected from 2001 to 2015 (dating
back 15 years). This was achieved by classifying the land
cover types using ensemble learning-based classifiers,
driven by extracting the phenological metrics using STL-
decomposition for spike removal and a Savitzky-Golay
filter for filtering, and implemented by analyzing the
spatio-temporal phenology, therein considering classifica-
tion maps and phenological metrics.
The experimental results indicated the following: 1) RF

obtains more accurate classification maps; 2) different land
cover types illustrate the various seasonalities; 3) the
Yangtze River Delta has two obvious regions, i.e., the
north and south parts, which may result from the different
rainfall, temperature, and ecosystem conditions; 4) the
phenology variation over time is not significant in the
study area; and 5) the correlation between GSG and GPP is
very high, indicating the potential use of GSG for assessing
the carbon flux.
Although our experimental results are encouraging,

further work on additional scenes and comparison methods
should be conducted in the future. We are also planning on
extending the current work from two perspectives: 1) we
will focus on revealing the phenology drift of the Yangtze
River Delta based on the current methodology, and 2) we
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Fig. 11 The values of different phenological metrics (as a function of year) obtained for different land covers. (a) SOS, (b) EOS,
(c) LOS, (d) BOS, (e) TOMS, (f) POS, (g) AOS, (h) ROG, (i) ROS, (j) GSG, and (k) NSG. The following notation is used: SOS- start of
season; EOS- end of season; LOS- length of season; BOS- base level of season; TOMS- timing of mid-season; POS- peak value of season;
AOS- amplitude of season; ROG- rate of grow-up; ROS- rate of senescence; GSG- gross spring greenness; and NSG- net spring
greenness.
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will analyze the impacts of urbanization, population, and
economy on the phenology.
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