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Researchers have been attending increasingly to impervious surface dynamics to better understand the urba-
nization process and its impacts on urban environments. Previously, numerous studies have only estimated and
mapped impervious surface dynamics at annual or decadal time scales. It is challenging to estimate impervious
surface dynamics at a finer time scale, such as on a monthly scale, while using a single source of medium spatial
resolution satellite imagery. However, urban infrastructure construction could cause changes in impervious
surfaces in a short period of time. This paper aimed at developing a new methodology for evaluating monthly
impervious surface dynamics by fusing Landsat and MODIS time series. The Pearl River Delta in China, is located
in a humid subtropical region and was selected as the study area due to its dramatic urbanization in the past
three decades. Available Landsat images with cloud cover < 90%, 7-Day MODIS NDVI 250 m smooth time
series, and daily MODIS LST 1000 m time series from 2000 to 2015 were downloaded. These data were used to
develop temporal features of land covers (i.e., monthly Landsat NDVI and LST time series) and to monitor
impervious surface dynamics using semi-supervised time series fuzzy clustering method. The results showed the
effectiveness of temporal features in differentiating land covers. Additionally, the average overall classification
accuracy yielded reasonable accuracies (up to 89.36%). The proposed methodology has illustrated numerous,
considerable advantages over previous methods. It has offered consistent maps of impervious surfaces on a
monthly time scale as well as enhanced distinguishability of land covers with similar spectral characteristics.
This study can be utilized to establish relationships between urban expansion, climate change, urban environ-
ment, population, and other socio-economic variables on a monthly basis. The study is also crucial for predicting
the timing, duration, and density of ecological change for increased impervious surfaces.

1. Introduction

Impervious surfaces are a key variable for determining the degree of
urbanization and environmental quality in cities. Numerous methods
have been successfully employed for characterizing impervious surfaces
at the local, regional, and continental scales, including spectral mixture
analysis (Wu and Murray, 2003; Weng et al., 2008), regression (Yang
et al., 2003; Yuan et al., 2008; Mohapatra and Wu, 2010), random
forest (Zhang et al., 2014), and machine learning algorithms (Hu and
Weng, 2009; Lu and Weng, 2009; Esch et al., 2009). Weng (2012)
provided an overview of the methods for impervious surface estimation
using remote sensing imagery at various spatial scales.

Researchers have been attending increasingly to impervious surface
dynamics to better understand the urbanization process and its impacts

on urban environments, rather than mapping impervious surfaces for a
single date. For instance, Powell et al. (2008) quantified impervious
surface change over 34 years (1972-2006) in the Snohomish Water
Resource Inventory Area (WRIA), which illustrated the value of Landsat
time series for monitoring impervious surface trends. Sexton et al.
(2013) mapped annual dynamics of impervious surfaces from Landsat
archive in Washington, D.C.-Baltimore, MD megalopolis from 1984 to
2010, which illustrated the potential of empirical retrieval of im-
pervious coverage at spatial and temporal scales. Shao and Liu (2014)
produced annual impervious surface fraction maps in the Yangtze River
Delta, China, from 2000 to 2009, which demonstrated a method to
monitor large-scale impervious surface dynamics.

However, previous methods focused mainly on impervious surface
dynamics at annual or decadal time scales. Additionally, they were
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Fig. 1. Location and geographic extent of study
area. The red rectangle stands for dark im-
pervious surfaces; the orange rectangle bright
impervious surfaces; the green rectangle pervious
surface area; and the light blue rectangle water
bodies. The red star is a representative im-
pervious surface pixel; and the green star a re-
presentative pervious surface pixel. (For inter-
pretation of the references to color in this figure
legend, the reader is referred to the web version
of this article.)

more concerned on increasing mapping accuracy of impervious surfaces
for each date. Although these methods used multi-temporal or time
series imagery, they mainly utilized spectral characteristics of land
covers from single date image to differentiate land covers. Other
methodologies utilized both spectral and spatial characteristics of land
covers to map impervious surface dynamics by integrating medium and
high resolution imagery. Lu et al. (2011) integrated multi-temporal
Landsat and QuickBird images to monitor impervious surface change in
Lucas do Rio Verde County, Brazil, which showed the effectiveness in
fixing mixed pixel problems in urban-rural frontiers. Gao et al. (2012)
developed a time series of consistent impervious surface maps using
medium-resolution satellite images in the Yangtze River Delta, China.
Nevertheless, these methods did not address the temporal character-
istics of land covers from multi-temporal or time series imagery. Tem-
poral profiles provide useful information that can enhance the identi-
fication of vegetation phenology as well as the trends and timing of
changes (Ratana et al., 2005; Lunetta et al., 2006; Ma et al., 2013).
Therefore, this study intended to explore the usage of temporal char-
acteristics of land covers for mapping impervious surface dynamics at a
monthly time scale.

The key for extracting the temporal characteristics of land covers is
to utilize the temporal resolution of satellite imagery. Lunetta et al.
(2004) suggested that an increment in temporal data acquisition fre-
quencies helped to reduce omission errors of changes; change events
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largely determined the nominal temporal frequency of remote sensing
data acquisitions. Changes in impervious surfaces have no fixed dates,
because the changes mainly result from urban expansion, social-eco-
nomic development and planning. As a result, the impervious surfaces
may change inter-yearly, seasonal, monthly, or more frequently. Thus,
it is necessary to map impervious surface dynamics on a finer time
scale. Additionally, high temporal resolution is helpful for discerning
the spatiotemporal patterns of change and differentiating the temporal
characteristics of land covers. Recently, some image fusion models have
been proposed to increase temporal resolution of medium spatial re-
solution satellite data, such as STARFM (Gao et al., 2006), STAARCH
(Hilker et al., 2009), ESTARFM (Zhu et al., 2010), SADFAT (Weng et al.
2014), and FSDAF (Zhu et al., 2016). This study applied FSDAF to fuse
Landsat and MODIS data for improving temporal resolution of the time
series.

This study aimed at developing a new methodology to map im-
pervious surfaces on a monthly basis using Landsat time series.
Available Landsat data are often irregularly acquired due to cloud
contamination, weather conditions and sensor failure. This is especially
true for tropical or subtropical humid regions, such as the Pearl River
Delta (PRD), China. The PRD region, with a subtropical climate, annual
mean temperature of 21-23°C and annual precipitation of
1500-2500 mm, has a wet season from April to October. Thus, there is a
great chance for obtaining numerous cloud-contaminated Landsat
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Fig. 2. Procedure for fusion of Landsat NDVI and MODIS NDVI images.

images. Key issues for monitoring impervious surface dynamics on a
fine time scale in PRD are improving the temporal resolution of usable
Landsat data and identifying different temporal characteristics of land
covers in time series. To address these issues, this study presented an
efficient method to produce monthly impervious surface maps from
data based on temporal spectral features that was collected from 2000
to 2015. Due to the positive relationship between LST (Land Surface
Temperature) and impervious surfaces and the apparent inverse re-
lationship between NDVI (Normalized Difference Vegetation Index) and
impervious surfaces (Yuan and Bauer, 2007; Zhang et al., 2009; Li et al.,
2011), this study derived temporal features from monthly Landsat NDVI
and LST time series.

2. Study area and datasets

The Pearl River Delta, which is located in southern China, covers
56,000 km? in area and had a population of 56 million in 2012. It has
been named as the largest urban agglomeration in the world both in
size and population by the World Bank Group. Fig. 1 shows the study
area with a false color composite image using Landsat OLI (October 18,
2015) bands 6, 5, and 4. The PRD has experienced rapid urbanization
since China's reform and opening up in 1978, and this trend has con-
tinued through the 21st century. A total of 419 Landsat images with
cloud cover < 90%, spanning from 2000 to 2015, were downloaded
from USGS EarthExplorer (Reference system: WRS-2, Path: 122, Row:
44). The study area, covering an area of 20,542 km?, was a subset of the
downloaded Landsat imagery. The 7-Day MODIS NDVI 250 m smooth
time series were ordered and downloaded from a freely web application
for executing pre-processing operations of standard MODIS Vegetation-
Index (VI) products (http://ivfl-info.boku.ac.at/). The web application
was developed by the University of Natural Resources and Applied Life
Sciences (BOKU) in Vienna, Austria, which provides on-demand
smoothed and/or raw satellite time series of MODIS Vegetation Indices
(VD). The preprocessing methods include reprojection, image mo-
saicking, smoothing and gap filling (Vuolo et al., 2012). Daily MODIS
LST 1000 m time series were derived from Aqua MODIS MYD11_L2
(version 5) products from the LAADS web (http://ladsweb.nascom.
nasa.gov) (Aqua Land Level 2 products).

3. Methods
3.1. Data preprocessing
There was missing information in the Landsat image data due to

cloud contamination, weather conditions, and sensor failure. Since
missing data is a major source of uncertainty in satellite observations
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(Wang et al., 2012; Kondrashov and Ghil, 2006), it is crucial that this
problem is solved. Below are the procedures used in this study:

Clouds, cloud shadows, and snows were isolated by using the Fmask
algorithm (Zhu and Woodcock, 2012) for all Landsat scenes. Further,
the Modified Neighborhood Similar Pixel Interpolator (NSPI) (Zhu
et al., 2012a) was applied to remove thick clouds in Landsat subsets. A
cloud-free Landsat image acquired in the same year was selected as the
auxiliary image for cloud removal in the Landsat subsets. Next, the
Geostatistical Neighborhood Similar Pixel Interpolator (GNSPI) (Zhu
et al., 2012b) was applied to fill gaps in Landsat ETM + SLC-off images.
Since the combination of NDVI and LST has proved to be valuable in
differentiating land covers (Son et al., 2012; Han et al., 2010; Julien
et al., 2011), Landsat NDVI and LST time series were derived from the
gap-filled Landsat data for later use. LST was calculated by using the
radiative transfer equation with corrections of atmospheric effect and
land surface emissivity (Zhang and Weng, 2016).

3.2. Fusion of Landsat and MODIS data

Potential error from the gap filling may have caused uncertainty in
the development of temporal spectral features. To minimize the chance
for error, this study employed Flexible Spatiotemporal Data Fusion
(FSDAF) (Zhu et al., 2016) to produce dense Landsat NDVI/LST time
series by fusing available Landsat NDVI/LST time series and MODIS
NDVI/LST time series. FSDAF integrated spectral unmixing analysis,
spatial interpolation and STARFM into a single framework. Ad-
ditionally, FSDAF has shown advantages over some existing spatio-
temporal data fusion methods (Zhu et al., 2016). For each month,
Landsat images with cloud cover over 50% were predicted based on
FSDAF using time-adjacent MODIS images. If all Landsat images in a
month possessed cloud cover over 50%, all images in this month were
considered unavailable. Fig. 2 shows the procedure for fusion of
Landsat NDVI and MODIS NDVI in the ith month.

Given available Landsat NDVI time series in year Y=
{Ly,Lo, -+-,L15}, Li(1 <i<12) represented Landsat NDVI image set
{L{, ---,L{} in the ith month, where j was number of images in the ith
month, and {T, -, Tj} was its correspondent image sequence in the ith
month. For 7-Day MODIS NDVI time series in the same year Y =
{M1,M,, ---,M;,}, M(1 <i<12) represented MODIS NDVI image set

{M;, ---, M/} in the ith month, where k was the number of images in the
ith month, and {Ty, ---,Ti’} was its correspondent image sequence in
the ith month.

In the ith month, image L;* at date T; was selected as the base image
for prediction of Landsat NDVI image F;' using MODIS NDVI image
MA(1 < a < k) at date T, (T, is the closest date to T;) and MODIS NDVI
image M* * ! at date T, . ;. Then, image L? at date T, was used as the
base image to predict F. Thus, in the ith month of year Y, Landsat
NDVI {F;}, ---,F{} images in the ith month were predicted.

If there was no available Landsat image in the ith month, Landsat
NDVI image with least cloud cover in the (i — 1)th month L; _ ; at date
T; ;1 would be selected as the base image for predicting Landsat NDVI
images in the ith month. Landsat NDVI image F;' was predicted by using
MODIS NDVI image M;_; at adjacent date T;_ 1 and MODIS NDVI
image M;' at date T, Thus, in the ith month of year Y, Landsat NDVI
{F{, ---,F{} images in the ith month were predicted.

Fig. 3 shows the procedure for fusion of Landsat LST and MODIS LST
in the i month. Given available Landsat LST time series in year Y =
{51,S2, =+,812}, Si(1 =i<12) represented Landsat LST image set
{S, ---,S/} in the i month, where j was the number of images in the
ith month, and {Tj,--, Tj} was its corresponding image sequence in the
ith month. For daily MODIS LST time series in the same year Y =
{MS1,MS,, -+ ,MS12}, MS(1 <i<12) represented MODIS LST image
set {MS;}, ---,MSX} in the ith month, where k was the number of images
in the ith month, and {T7,---, T;} was its corresponding image sequence
in the ith month. For Landsat LST image S} and its date T;, one MODIS
LST image MS;! with the same time date 7; and one time-adjacent image
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Fig. 3. Procedure for fusion of Landsat LST and MODIS LST images.

MS; at date T, were used to predict Landsat LST image FS;! at date T;. If
there was no available Landsat images in the ith month, Landsat LST
image with least cloud cover in the (i — 1)th month L; _; at date T; _,
would be selected as the base image for predicting Landsat LST images
in the ith month. Thus, in the ith month of year Y, Landsat LST
{FS}, - ,FSil} images in the ith month were predicted.

3.3. Generation of monthly Landsat NDVI and LST time series

Dense Landsat NDVI and LST time series were developed by fusing
Landsat and MODIS data. However, since the dense Landsat NDVI/LST
time series were unevenly distributed, it was difficult to extract obvious
and regular temporal parameters, such as trend values averaged over
certain time intervals. To address this issue, monthly Landsat NDVI/LST
time series were generated in this study. Fig. 4 shows the process for
producing monthly Landsat NDVI/LST time series in each year.

Locally weighted linear regression was conducted as a non-para-
metric algorithm to develop a composited image in the ith month of
year Y by using MATLAB (MATLAB R2013a, The MathWorks Inc.
Natick, MA). Landsat NDVI time series {L;, ---,L{,F, ---,F{} in the ith
month of year Y, where [ was the number of predicted Landsat NDVI
images, were made as a single NDVI image composite in the ith month.
Firstly, Landsat NDVI time series {L;, ---,L{,F, ---,F{} was rearranged
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by cloud cover percentage as Landsat NDVI time series {Lt, -, L™,
where m was the number of total images in that month and m =j + L
Considering the problem of predicting reflectance value r of pixel p with
coordinate (x,y) in the composited image, following objective function
needed to be minimized:

r@ =, wrp"-6p)y? )

where p™ represented cloud cover percentage of pixels with same co-
ordinate in Landsat NDVI time series {L;, ---,L"}. w™ were weights for
pixels with coordinate (x,y) in new image sequence.

(™ - p)z)

wm = exp| —
p( 272

(2)

If |p™ — p| was small, w™ was close to 1. If |p™ — p| was large, w™
was small. z was the parameter to control how quickly the weight va-
lues fell off with cloud cover differences. Similarly, any Landsat LST
time series {L;}, ---,L;,FS;%, ---,FS/} in the ith month of year Y was also
composited into one LST image using the locally weighted linear re-
gression.

3.4. Time series decomposition

Most data mining methods cannot be used effectively on time series
data without a dimension reduction (Keogh et al., 2001). Time series
decomposition enables distinctions among various types of change,
such as disturbances and phenological changes. In this study, time
series decomposition was used as a dimension reduction method to map
each time series to a lower-dimensional space for extracting temporal
features. The details of the procedure are explained below.

Monthly Landsat NDVI and LST images from 2000 to 2015 were
obtained as NDVI time series {NI;, NI, ---,NI;} and LST time series
{LT1,LT, --+,LT4}, where g = 192 was the number of months during the
study period. Then, monthly NDVI/LST time series were decomposed
into three additive components:1) trend component; 2) seasonal com-
ponent; and 3) irregular component. The trend component defined
gradual change that was caused by land expansion and degradation; the
seasonal component depicted seasonal change that was caused by ve-
getation phenology; and the irregular component characterized abrupt
change caused by disturbances. An additive decomposition model was
applied to separate monthly NDVI/LST time series into these three
distinct components.

Fig. 4. Generation of monthly Landsat NDVI/LST time
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NDVILST
time series
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X =T+S+1 3

where t=1, ---,q, X, was variable value at time ¢, T, was trend com-
ponent, S, was seasonal component, and I, was irregular component. T;
was estimated using parametric regression model.

4

Since de-seasonalized time series was helpful for comparison among
time series with different seasonal patterns (Cleveland and Tiao, 1976),
seasonal adjustment was performed as an iterative process to estimate
the optimal trend component. Thus, the seasonal component was esti-
mated by applying a stable seasonal filter to de-trended time series.

Due to the seasonal component having a periodicity of 12 in the
monthly time series, a 13-term moving average was used to smooth the
data. Additionally, the first and last smoothed values were repeated six
times to prevent observation loss. Next, the original time series would
be subtracted by the smoothed time series to obtain the first detrended
time series DT, = X, — T,. Meanwhile, seasonal indices were created as
In, « m, where n is number of year and m = 12. In; was a m dimensional
vector with elements i, i + 12, i+ 12X 2, ---;i+ 12X (n—1) and i=
(1,2, ---,n). That is, In; means all indices values of January from 2000
to 2015, and In; means all indices values of the ith month from 2000 to
2015. All of indices values In; for each month in the detrended time
series DT, would be averaged to center seasonal estimate to fluctuate
around zero. Thus, S, had a constant amplitude across the time series.

After that, deseasonalized time series DS, = X, — S, was obtained.
Further, the second estimation of trend component 7; was obtained
using deseasonalized time series DS,. Next, the second detrended time
series could be obtained as DT, = X; — T;. Then, the second estimation
of seasonal component 5, was estimated by applying a seasonal filter to
DT,. Finally, deseasonalized time series DS, = X, — S, was calculated
after deseasonalizing original time series. Since deseasonalized time
series consisted of long-term trend and irregular components, irregular

component was estimated as I, = DS, — T,. Then, trend measure
var (I;) var (I;)
var (DS;) var (DT})
Additionally, sum, mean, median, minimum, and maximum values of

seasonal component S, were calculated at each season point over the
seasonal cycle, which was set as four. These statistics, which considered
as temporal features, were next used for fuzzy clustering.

T;:ao+0C1t+OC2t2

were calculated.

and seasonality measure 1 —

3.5. Time series fuzzy clustering

Time series clustering categorizes time series by minimizing dis-
similarity of patterns in same cluster while maximizing dissimilarity of
different clusters (Liao, 2005; Fu, 2011). Since Fuzzy C-means (FCM)
(Bezdek et al., 1984) has been shown to be effective in time series
analysis (Futschik and Kasabov, 2002; Li et al., 2008; Egrioglu et al.,
2013), this study developed a semi-supervised FCM clustering algo-
rithm to cluster temporal features. Dynamic time warping (DTW) dis-
tance was introduced in the proposed method to find optimal cluster
centers. DTW was selected over Euclidean distance because DTW has
been shown to be effective in finding an optimal match between two
distinct time series and in evaluating similarity based on the shapes of
the time series (Jeong et al., 2011).

Given a representation of temporal features, this study aimed at
finding c classes based on measures of dynamic time warping distance.
For time series X = {x1,X, -, Xn}, Xx€RYUk =1,2, ---,n), d was the
dimension of temporal features derived from time series decomposition,
n’ was the number of samples. FCM clustered X into ¢ fuzzy subsets by
minimizing the following objective function:

_ c Yl' 2
ouv)y=3, | Z,-=1 utdi

di = d(x,n)?

(5)
(6)

where ¢ was the number of clusters, u;; was membership of x; in class k,
m was clustering fuzziness coefficient. The membership matrix U was
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constrained to contain elements in the range [0,1] and
Th-1u=1,Vj=1,2, - ,n’. The matrix V = {v1,V,, ---,v.} was set of
cluster centers. d() was dynamic time warping distance between pixel x
and cluster center v. The objective function O was minimized by al-
ternate iterative algorithm. Then, the partition matrix was calculated as
follows:

1
d(ve,x7) 2/(m-1)
(5:) %

The pseudo code for calculating DTW distance between two time
series can be found in Petitjean et al. (2011). However, it was difficult
to use DTW distance to calculate average of a set of time series. The
averaging method in Petitjean et al. (2011) was applied to calculate
cluster centers in order to calculate the average of the time series based
on DTW distance.

Since FCM was sensitive to initialization, this study proposed a
semi-supervised FCM to incorporate prior information about clusters
into the FCM algorithm to improve clustering performance. This semi-
supervised method can effectively address the problem of clustering
with limited labeled data and large amount of unlabeled data. Given
time series X consisting of X; and X,,, X, represented labeled time series
samples and X, represented unlabeled time series samples, the whole
process of semi-supervised FCM algorithm was shown as: (1) Initialized
values of m and uy; using X; and X,,. For X, value of component w; was
set to 1 if data x; was labeled with class k, and 0 otherwise. For X,
positive random values within [0,1] were set to unlabeled data. The
i ey

o Glm
number of labeled data. (2) Updated membership w; in X, and centroid
vy until the objective function was minimized.

Ui =

T

initial set of centroid v, was calculated as v = , where n was

3.6. Two-scale temporal filtering

Temporal filtering has been applied successfully to improve the
consistency of time series classification (Zhang and Weng, 2016). Based
on the assumption that the urbanization was an irreversible process,
this study developed a two-scale temporal filtering method to check the
sequences of land cover changes and to correct classification errors. The
procedure of two-scale temporal filtering was as follows:

Step 1: Building a large-scale temporal window on a yearly basis.
Given annual clustering maps Y = {y1,¥2, **,¥n}, n was the number of
years. y; was the map with highest classification accuracy in the ith
year,i=1,2, --- ,n. The size of each temporal window was setas 3 X 3.
Since the effectiveness of temporal filtering largely depended on the
initial image, we selected the image with highest classification accuracy
in Y as the initial image yy.

Step 2: Comparing land covers in the temporal window
Ok - 1LY Yk + 13- If the pixel p had the same geographic location in
image yx — 1 and image yx 4+ 1 were labeled as pervious surface, but in
image yx, pixel p was labeled as impervious surface, then, the pixel p in
image y; was identified as uncertain pixel.

Step 3: Determining the class of pixel p in image y. If p in image
Yk + 2 was pervious surface, p in image y, was corrected as pervious
surface. If p in image yx + » was impervious surface, then, p in image
Yk + 1 was identified as uncertain pixel.

Step 4: Applying the moving temporal window to the yearly time
series, beginning in y; _ ; and yy ;. ; bidirectionally, and proceeding to
Yk — 2 and Y 4 . After the large-scale temporal filtering, the original
annual clustering maps Y = {y1,¥», -,¥n} Were corrected as Y =
{}'11,}'2', ’yn,}~

Step 5: Applying a small-scale temporal window on a monthly basis.
The size of temporal window was set as 3 X 3. The small-scale temporal
window was used to correct classification errors in each month within a
year. In the kth year, the beginning image was y;, because y; has the
highest classification accuracy in that year. Similar to the large-scale
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temporal window, the small-scale moving window was applied to the
monthly time series, beginning in y, bidirectionally, and proceeding to
Yi—1 and yx _ ; monthly.

4. Results
4.1. Monthly Landsat NDVI/LST images

Figs. 5 and 6 show examples of generated NDVI/LST composite
images in January 2015. In Fig. 5, green color represents pervious
surfaces, blue color represents water bodies, and white color represents
impervious surfaces. In Fig. 6, red color represents land cover with high
land surface temperature, and blue color represents land cover with low
temperature.

For producing monthly Landsat NDVI/LST images, FSDAF was ap-
plied to fuse Landsat and MODIS data to improve temporal resolution of
the time series as well as to reduce uncertainty from gap filling. In order
to obtain consistent Landsat NDVI/LST images in January 2015,
Landsat NDVI/LST images were predicted for January 8th, January
15th, January 22th, and January 29th according to available dates of
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Landsat NDVI/LST images and MODIS NDVI/LST images in January.
Then, predicted Landsat NDVI/LST images and original Landsat NDVI/
LST images in January were combined into a single composite NDVI/
LST image using locally weighted linear regression. The composited
NDVI/LST dataset not only improved spatial details of available
Landsat NDVI/LST images with cloud contamination, but also main-
tained good images of spectral characteristics.

4.2. Time series separability of land covers

This study differentiated impervious surfaces and other land covers
based on differences in temporal characteristics of land covers. Fig. 7
shows temporal characteristics of land covers derived from original
NDVI time series. Fig. 8 shows temporal characteristics of land covers
derived from the composited monthly NDVI time series. Fig. 9 shows
temporal characteristics of land covers derived from original LST time
series. Fig. 10 shows temporal characteristics of land covers derived
from the composited monthly LST time series. In order to minimize the
effect of missing data caused by atmospheric and sensors problem, land
cover samples that experienced no change over time were selected for
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Fig. 6. Example of a generated composite Landsat LST image in January 2015. (For interpretation of the references to color in this figure, the reader is referred to the web version of this

article.)

mapping temporal characteristics. This study assumed that urban
growth was an irreversible change process and impervious surfaces
represented an irreversible land cover. Thus, impervious surface sam-
ples were manually selected in the early images, and pervious surface
samples and water bodies were manually selected in the most recent

images. Selected impervious surface areas, pervious surface areas and
water bodies are shown in white rectangles in Fig. 1.

As shown in NDVI time series in Figs. 7 and 8, pervious surfaces
such as grass, forest, and agriculture had the highest surface reflectance
values, while water bodies had the lowest surface reflectance values,

Surface reflectance values

~—Bright impervious surfaces ~——Dark impervious surfaces ~——Pervious surfaces ——Water

Year

Fig. 7. Temporal characteristics of land covers derived from original NDVI time series.
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Fig. 8. Temporal characteristics of land covers derived from composited monthly NDVI time series.

and dark impervious surfaces had relatively higher surface reflectance
values than bright impervious surfaces. However, in the two figures,
both temporal characteristics of impervious surfaces in 2001 had ab-
normally low surface reflectance values. This was due to all impervious
surface samples being SLC-off data in the Landsat NDVI image on Oct
27th, 2001. These abnormal points would be identified and processed
using the following time series decomposition method. As shown in LST
time series in Figs. 9 and 10, impervious surfaces had relatively higher
temperatures, pervious surfaces had lower temperatures, and water
bodies had the lowest temperatures.

In order to extract phenological characteristics of land covers from
time series data, time series decomposition was conducted for each
pixel. Fig. 11 shows time series components of a pervious surface pixel
in monthly NDVI time series, where SR values represented surface re-
flectance values. The pervious surface pixel was shown in Fig. 1 as the
green star. Fig. 12 shows time series components of an impervious
surface pixel in monthly LST time series. The impervious surface pixel
was shown in Fig. 1 as the red star.

As shown in Figs. 11 and 12, time series decomposition was helpful
for detecting land cover change within the trend component that were
influenced by disturbances, within the seasonal component that were
heavily influenced by seasonal variations, and within the irregular
component that were influenced by noise. Finally, temporal features
were derived from the statistics of these time series components. In
order to check whether temporal features could improve time series
separability of land covers, DTW distance was applied in order to cal-
culate within-class distances and between-class distances of land
covers. Table 1 shows DTW distances of land covers derived from ori-
ginal time series, monthly time series and temporal features.

The DTW distance adapted accordingly to changed time nodes and
tolerated the offset of spectral values on the time axis. Moreover, it was
illustrated the DTW distance is capable of calculating the distances of
temporal profiles at different time scales. Thus, the DTW distance was
used for assessing the separability of land covers. The DTW distance
ranged from O to 1, and land cover separability increased when the
value approached 1. One hundred samples per class were randomly

selected to calculate the mean value of DTW distance between land
covers. Generally, between-class distances of land covers were higher
than 0.5 and within-class distances were lower than 0.5. Table 1 shows
that the monthly time series data outperformed the original time series
data as the separability between bright impervious surfaces and per-
vious surfaces was improved, and as well as the separability between
impervious surfaces and water. Additionally, the monthly time series
data allowed for a decrease for the within-class distances of pervious
surfaces and within-class distances of water and the data allowed for an
increase for the within-class distances of different types of impervious
surfaces. Therefore, the monthly time series data illustrated that it
worked effectively on pervious surfaces, but needs improvement on
impervious surfaces. Table 1 further showed that the monthly time
series data was more effective in extracting phenological information
than the original time series data. For temporal spectral features, the
within-class distances of bright impervious surfaces, dark impervious
surfaces, and water largely decreased, whereas the between-class dis-
tances between all types of impervious surfaces and pervious surfaces
increased. Additionally, the within-class distance of pervious surfaces
increased. This may be attributed to the selection of samples in different
phenological phase. In conclusion, temporal spectral features illustrated
effectiveness in improving time series separability of land covers, which
essentially decreased within-class distances and increased most be-
tween-class distances of land covers.

4.3. Analysis of impervious surface dynamics

In contrast to conventional methods of estimating impervious sur-
facs at annual or multi-decadal time scales, this study aimed at mon-
itoring impervious surface dynamics on a monthly frequency. This
study also used the semi-supervised time series fuzzy clustering method
to meet the application requirements of regional sustainable develop-
ment. In fact, urban infrastructure construction could cause changes in
impervious surfaces in a short period of time, which is especially true in
rapidly urbanizing areas such as the PRD region, China. Monthly maps
of impervious surfaces can swiftly identify the location, rate, and
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Fig. 9. Temporal characteristics of land covers derived from original LST time series.
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Fig. 10. Temporal characteristics of land covers derived from composited monthly LST time series.

pattern of urbanization, which contribute to the management of en-
vironmental impacts, resources, and sustainable developments. Finally,
monthly data of impervious surfaces would be considerably more useful
in modeling urban environmental systems and ecosystems, which pre-
viously required fine temporal resolution biophysical variables.

Impervious surface maps in December from each year from 2000 to
2015 were selected as representative annual maps for subsequent
analysis. Fig. 13 shows yearly December maps of impervious surfaces
from 2000 to 2015.

In Fig. 13, red color represents impervious surfaces, blue color re-
presents water bodies, and green color represents pervious surfaces.
Impervious surfaces increased from 3786.33km? in 2001 to
5992.31 km? by the end of 2015, yielding an overall increase of 58%.
The whole study period was divided into four stages: (1) 2000-2004;
(2) 2005-2008; (3) 2009-2011; and (4) 2012-2015. The growth rate of
impervious surfaces at each stage varied from 18.04%, 10.88%, 6.45%,
to 4.41%, indicating a declining trend in urbanization pace. From 2000
to 2004, several urban clusters emerged in both sides of the delta, re-
sulting from more than a decade of leapfrog and clustering urbanization
processes. After 2005, most increments of impervious surfaces were

observed to be concentrated in urban areas, suggesting there was more
in-fill urban development during this period. After 2009, impervious
surfaces expanded from urban areas to more rural areas. Since 2012,
impervious surfaces were detected more often among the urban areas,
indicating that a large urban agglomeration has been forming in the
PRD. In order to better understand the changes of impervious surfaces,
monthly impervious surface area was plotted along with quarterly,
semi-annual, and annual growth rates (Fig. 14).

Within each year, quarterly and semi-annual growth rates of im-
pervious surfaces also varied. With respect to semi-annual growth rates
of impervious surfaces, Fig. 14 suggests that for the majority of the
years, the second half of each year often had higher growth rates than
the first half of the year. This was mainly because most construction
was completed by the end of each year. In terms of quarterly growth
rates of impervious surfaces, there were not obvious patterns of change.
While the second halves of some years, such as 2000, 2002, and 2003,
had higher growth rates than the first halves of those years, the first
quarters often had the highest growth rates among all time periods. In
conclusion, growth rates can vary with month, season, or year, and
mapping impervious surfaces by month was needed for the PRD.
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Fig. 11. Time series components of a pervious surface pixel in monthly NDVI time series.
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Fig. 12. Time series components of an impervious surface pixel in monthly LST time series.

Since the highest annual growth rate was observed in 2003,
monthly maps in this year were displayed in Fig. 15 to analyze monthly
spatial-temporal change of impervious surfaces. Impervious surfaces
increased in the first quarter by 1.33%. However, in the second quarter
of the year, monthly impervious surfaces did not vary greatly in size
and shape, and the quarterly growth rate was only 0.22%. In the third
and fourth quarters, impervious surfaces expanded from urban areas to
suburban areas, and the quarterly growth rates reached 0.90% and
0.87, respectively.

4.4. Accuracy assessment

In this study, confusion matrix was computed as the quantitative
method of assessing clustering accuracy since it has been successfully
applied in accuracy assessment (Foody, 2002). In order to ensure time
consistency, reference data were derived from stable areas. Stable areas
were identified as unchanged land cover areas in stacked clear-sky BCI
images. With the aid of historical Google Earth imagery, pure pixels in
the stable areas were selected. The stratified random sampling scheme
was applied to select 500 samples per class from each image as the
reference data for accuracy assessment. Half of them were used for
training, while the others were used for accuracy assessment.

Annual classification accuracies from 2000 to 2015 and monthly
classification accuracies in 2015 were assessed to verify the effective-
ness of the proposed method. Fig. 16 shows the accuracies regarding the

Table 1

annual classifications of different land covers.

The yearly overall classification accuracy yielded a rate as high as
89.36%. Classification accuracy in 2002 (85.54%) was lower than that
in 2001 (85.67%), due largely to fewer images (21 in 2002 vs, 29 in
2001). Average cloud cover percentages in these two years were almost
the same, with 49.79% in 2002 and 46.93% in 2001. The same situation
occurred in 2009 and 2010. Average cloud cover percentages of the two
years were 42.59% and 43.08%, respectively, but there were only 19
images in 2010 as compared to 32 images in 2009. In 2005, the pro-
ducer's accuracy of bright impervious surfaces and user's accuracy of
pervious surfaces were very low, because half of the available Landsat
images in 2005 were SLC-off data and the percentage of cloud cover
data without SLC-off data was as high as 39.28%. Table 1 shows the
influence of temporal resolution in the proposed method. Fig. 16 fur-
ther shows the effectiveness of temporal resolution, as the classification
accuracy increased slightly over time. This is due to higher temporal
resolution (more images) for the more recent time series data; this al-
lows for temporal features to be extracted from the data.

Areas with the lowest accuracy were largely suburban areas, be-
cause impervious surfaces mixed with other land covers within mixed
pixels. Additionally, low accuracy was detected in suburban areas
where there was a discrete distribution of bright impervious surfaces,
instead of being continuous. In these areas, cluster centers were difficult
to identify. Cloud-contaminated areas over a long time span may also
contribute to low accuracy due to the error caused by the gap filling.

DTW distances of land covers derived from original time series, monthly time series and temporal features.

BIS DIS PS w

Ot Mt Tt Ot Mt Tt Ot Mt Tt Ot Mt Tt
BIS 0.37 0.49 0.24 0.26 0.35 0.48 0.84 0.85 0.91 0.83 0.92 0.95
DIS - - - 0.22 0.29 0.18 0.78 0.71 0.86 0.89 0.9 0.95
PS - - - - - - 0.25 0.1 0.47 0.77 0.94 0.94
w - - - - - - - - - 0.42 0.25 0.12

Note: BIS-Bright Impervious Surfaces, DIS-Dark Impervious Surfaces, PS-Pervious Surfaces, W-Water; Ot-Original time series, Mt.-Monthly time series, Tt-Temporal features.
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Fig. 13. Yearly December maps of impervious surfaces in the Pearl River Delta, China, 2000-2015. (For interpretation of the references to color in this figure, the reader is referred to the

web version of this article.)

Although cloud cover was removed by using NSPI and SLC-off data was
filled by GNSPI, the difference between estimated and observed values
could lead to errors in classification.

For assessing classification accuracies in 2015, we conducted
fieldwork on current land use and land cover (impervious surfaces) and

109

urban morphology to obtain ground truth data in the PRD, China, in
January 4-8, 2016. Field surveys collected information on surface cover
conditions, including agriculture, water, barren land, horticulture,
wetland, and impervious surfaces. The stratified random scheme was
adopted to select 400 sample sites from a cloud-free Landsat OLI image
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Fig. 14. Monthly dynamics of impervious surface areas, and quarterly, semi-annual, annual growth rates of impervious surfaces in the Pearl River Delta from 2000 to 2015.
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Pervious surfaces

Fig. 15. Monthly maps of impervious surfaces in the Pearl River Delta in 2003.

acquired on October 18, 2015 and Google Earth images (0.3 m spatial
resolution). For each sample site, hand-held global positioning system
(GPS) receivers, digital cameras, and daily logs were used to record
observations. Given 30 m Landsat OLI data and the requirement
of = 0.5 pixel (15 m) in locational accuracy, the minimum sample size
was set to 60m X 60 m. These sample sites were distributed in
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Dongguan, Guangzhou, Foshan, and Shenzhen. GPS-Photo Link was
used to link digital photos and descriptions of land cover conditions in
the field to the base maps. Fig. 17 shows five selected sampling sites.
The background image was a natural color composite image using the
Landsat OLI image bands 4, 3, and 2. Five types of land cover samples
were shown in the right side of the figure. Blue polygons were



L. Zhang et al. Remote Sensing of Environment 201 (2017) 99-114

OO - oo e i s S 59200 W g Tl e A P AL SRR e vaese. [ 1
Overall accuracy

90.00% - L 0.95 Producer's accuracy-Bright impervious surfaces
80.00% - Producer's accuracy-Dark impervious surfaces

109 Producer's accuracy-pervious surfaces
70.00% - oroducer Wat

| ogs — = Producer'saccuracy-Water
60.00% - — @ = User's accuracy-Bright impervious surfaces
5000% | o == == - = - 0.8 === User's accuracy-Dark impervious surfaces

= = = User's accuracy-pervious surfaces
40.00% T T T T T T T T T T T T T T T 0.75 ,
2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 sesesUser slaccurcy-Watey
Year == == Kappa coeffecient

Fig. 16. Annual classification accuracies of proposed method from 2000 to 2015.

Fig. 17. Distribution of selected sample sites for impervious surfaces mapping. (For interpretation of the references to color in this figure, the reader is referred to the web version of this
article.)
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Fig. 18. Monthly maps of impervious surfaces in 2015. (For interpretation of the references to color in this figure, the reader is referred to the web version of this article.)
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Fig. 19. Monthly classification accuracies of land covers in 2015.

impervious surfaces in each scene, including building roofs and dense
human settlements.

Fig. 18 shows monthly maps of impervious surfaces in 2015, where
red color represents impervious surfaces, blue color represents water
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bodies, and green color represents pervious surfaces. Monthly im-
pervious surface areas did not vary significantly in size and shape.
Monthly classification accuracies of land covers in 2015 were computed
with the ground truth data. Fig. 19 shows that the average classification
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Table 2
Selected Landsat images.

Landsat image ID Acquired date Cloud cover (%)

LT51220442000346BJC00 2000/12/11 41.64
LT51220442001364BJCO0 2001/12/30 0.01
LT51220442002351BJC00 2002/12/17 79.36
LE71220442003362BKT00 2003/12/28 0.05
LE71220442004349EDC00 2004/12/14 1.58
LE71220442005351EDC00 2005/12/17 0.1
LT51220442006362BJCO1 2006/12/28 0.01
LE71220442007341EDCO01 2007/12/7 0.17
LT51220442008352BJC00 2008/12/17 0.03
LT51220442009338BJCO0 2009/12/4 6.39
LE71220442010365EDC00 2010/12/31 0.06
LE71220442011352EDC00 2011/12/18 2.21
LE71220442012307EDC00 2012/11/2 0.04
LE71220442013341EDC00 2013/12/7 0.02
LE71220442014344EDC00 2014/12/10 33.98
LE71220442015363EDC00 2015/12/29 75.01

accuracy during the first three months was 85.48%. In April, classifi-
cation accuracy increased to 93.01%, because this month did not en-
counter serious cloud contamination. The average cloud cover in April
was 21.41%. From May to August, classification accuracies were
around 88%, due to increased clouds during the wet season. Classifi-
cation accuracy went up to over 92% after September. The highest
classification accuracy was observed in October as there was one cloud
free image, despite the average cloud cover was 25.37%.

In order to demonstrate the accuracy improvements of the proposed
method, semi-supervised FCM and SVM (Support Vector Machine) with
the same parameters and training data were used to classify the
December images each year. One November image was used in 2012
because the December images were not available. The selected Landsat
images were shown in Table 2.

Table 3 shows the annual classification accuracy of the proposed
method, semi-supervised FCM, and SVM from 2000 to 2015. Generally,
the classification accuracies of semi-supervised FCM were low. SVM
performed better than semi-supervised FCM, while the proposed
method yielded the best classification accuracy. The classification ac-
curacies of the proposed method in 2000 and 2002 were similar to
2001. Additionally, in 2015, the classification accuracy reached
93.64%. In contrast, semi-supervised FCM had the lowest classification
accuracy in 2000, 2002, 2014, and 2015, because the cloud cover
reached 41.64%, 79.36%, 33.98%, and 75.01%, respectively. Further-
more, classification accuracies of SVM in these years were also lower
than other years. It can be concluded that the proposed method largely
eliminated the effect of cloud cover and improved the classification

Table 3
Annual classification accuracies of the proposed method, semi-supervised FCM and SVM.

Year Proposed method semi-supervised FCM SVM

2000 85.22% 76.77% 80.84%
2001 85.67% 79.18% 84.13%
2002 85.54% 78.16% 79.08%
2003 86.01% 80.02% 81.76%
2004 88.02% 79.31% 86.56%
2005 87.68% 79.64% 84.59%
2006 88.24% 82.25% 86.31%
2007 90.88% 83.11% 87.56%
2008 89.27% 80.04% 86.20%
2009 91.15% 83.28% 89.00%
2010 90.98% 84.70% 87.50%
2011 91.16% 85.82% 90.02%
2012 91.79% 82.45% 86.93%
2013 92.16% 84.31% 90.15%
2014 92.33% 76.55% 78.49%
2015 93.64% 71.16% 75.96%
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accuracy of mapping impervious surfaces.

5. Discussion and conclusions

While previous methods focused mainly on impervious surface dy-
namics at annual or decadal scales, this study proposed a new method
for mapping monthly impervious surface dynamics by using the syn-
thetic time series of Landsat and MODIS imagery. The proposed
methodology was applied to the Pearl River Delta in China from 2000
to 2015, where frequent clouds and rains exist from April to September
and cloud-free Landsat imagery was limited. In order to obtain a dense
Landsat data series and to improve temporal resolution, the fusion of
Landsat data and MODIS data was conducted to generate synthetic
Landsat images. These synthetic images were combined with original
Landsat images to create a complete monthly NDVI and LST time series.
Temporal features that derived from time series decomposition were
used for classifying land covers. The average overall classification ac-
curacy reached 89.36%.

The main contributions of this study are as follows: First, this study
developed a method for generating a complete monthly Landsat time
series by fusing available Landsat data and MODIS data, which im-
proved the temporal resolution of Landsat observation and eliminated
uncertainty in data analysis caused by unevenly Landsat time series.
The appropriate time scale for impervious surface mapping was largely
dependent on the actual timing of land cover change. This study
showed that maps of impervious surfaces at annual or decadal scales
were not sufficient to characterize and analyze the rapid urbanization
in the PRD. Monthly impervious surface dynamics can not only build a
strong relationship between temporal and spatial patterns of urban
expansion on a fine time scale, but also they can facilitate the estab-
lishment of a relationship between urban expansion and urban en-
vironmental system, ecosystem, and social-economics. Secondly, this
study extracted temporal features by using the time series decomposi-
tion technique, which was helpful for increasing the time series se-
parability of land covers. Time series components -seasonal, trend, and
irregular components - helped in identifying recurring temporal pat-
terns and temporal trends in land cover changes. Additionally, temporal
features can effectively detect any anomalies in data by using the sea-
sonally adjusted time series.

However, there were a few issues that need to be examined further.
One issue is that the fuzzy clustering algorithm should not be utilized
discrete data, because the algorithm was ineffective for detecting local
outliers. Detected discrete points were largely global outliers.
Additionally, the clustering algorithm was sensitive to parameters and
was highly dependent on the initialization of centroids. Nevertheless, it
may be difficult to select effective initial centroid clusters randomly for
each image in the time series. Uncertainty caused by the selection of
initial centroid clusters can result in inconsistent clustering results. One
method that can be used to address this issue is to build an initialization
scheme that initializes centroids to be generally distant from each
other. Secondly, this study used the fuzzy clustering method where each
pixel may belong to more than one land cover class with different
membership. Thus, the fuzzy clustering was able to model uncertainty
typically involved in land cover classification, but was unable to solve
the problem of mixed pixels since impervious surfaces may occupy an
area smaller than 30mX30m. Future studies may utilize a hybrid
technique of fuzzy clustering and spectral mixture analysis to assess the
benefit of time series features for sub-pixel impervious surface map-
ping. The lowest producer's accuracies were observed with bright im-
pervious surfaces, which indicates the failure of the proposed method to
recognize them. The majority of the omission errors occurred in the
suburban areas where there was a discrete distribution of bright im-
pervious surfaces. Additionally, it was difficult to select cluster centers
for bright impervious surfaces in the suburban areas, which also led to
low producer's accuracies.
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