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a b s t r a c t
Accurate information on land cover changes is critical for global change studies, land cover mapping and ecosystem management. Although there are numerous change detection methods, pseudo changes can occur if data are
acquired from different seasons, which presents a signiﬁcant challenge for land cover change detection. In this
study, land cover change detection by integrating object-based data blending model of Landsat and MODIS is proposed to solve this issue. The Estimation of Scale Parameter (ESP) tool under Minimum Mapping Unit (MMU) restriction is employed to identify the optimal scale for Landsat image segmentation. The Object Based Spatial and
Temporal Vegetation Index Unmixing Model (OB-STVIUM) disaggregates MODIS NDVIs to Landsat objects using
the spatial analysis and the linear mixing theory. Then, the change detection method of NDVI Gradient Difference
(NDVI-GD) is developed to detect change and no-change objects considering the NDVI shape and value differences simultaneously. The results of the study indicate that the approach proposed in this study can effectively
detect change areas when Landsat images are acquired from different seasons. OB-STVIUM is more suitable for
change detection application compared with the Spatial and Temporal Adaptive Reﬂectance Fusion Model
(STARFM) and NDVI Linear Mixing Growth Model (NDVI-LMGM), because it is less sensitive to the number
and acquisition time of Landsat images.
© 2016 Elsevier Inc. All rights reserved.

1. Introduction
Land cover composition and its changes play an important role in
many scientiﬁc studies and socioeconomic assessments because they
are essential inputs for global climate models (Bontemps et al., 2012a;
Yang et al., 2013; Wu et al., 2014), primary references for ecosystem
management (Mora et al., 2014; Sun et al., 2015), and fundamental information for understating coupled human and natural systems (Yu et
al., 2013; Ban et al., 2015; Lu et al., 2016). Accurate and up-to-date information regarding land cover and its dynamics are increasingly necessary at different spatial and temporal scales (Chen et al., 2015a; Jin et
al., 2013).
Remote sensing has become an important tool for gathering and
monitoring land cover dynamics, and numerous algorithms have been
developed for detecting land cover changes (Hansen and Loveland,
2012; Tewkesbury et al., 2015). One of the main issues in land cover
change detection is how to accurately extract change areas while eliminating the pseudo changes caused by phenological differences and
other extraneous factors (Chen et al., 2013; Jin et al., 2013; Chen et al.,
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2015b). Extraneous factors (e.g., atmospheric conditions, soil moisture,
and water turbidity) can be avoided by using some appropriate algorithms with images acquired from the same sensor in the same season
(Chen et al., 2013; Jin et al., 2013). However, when images are acquired
from different seasons, pseudo changes caused by phenological differences are inevitable which presents a signiﬁcant challenge for land
cover change detection. Since NDVI Time series can accurately track
the seasonal characteristics and capture information of vegetation phenology, using NDVI time series provides a potential solution to avoid the
pseudo changes caused by phenological differences (Jia et al., 2014;
Chen et al., 2015b). Most studies have used NDVI time series acquired
by moderate resolution sensors (e.g., MODIS, SPOT-VGT, and AVHRR)
for land cover change detection because of their frequent revisiting
time (e.g., daily revisit) (Lhermitte et al., 2008). However, it is a challenge to detect changes at small scales or heterogeneous landscapes
using moderate resolution data. Images from ﬁne resolution sensors
like Landsat could provide much more detailed spatial information
(Boschetti et al., 2015; Hilker et al., 2009). Although the Landsat archive
is open and free, it is difﬁcult to obtain dense Landsat time series due to
cloud contamination or revisit cycle limitation (Bontemps et al., 2008;
Bontemps et al., 2012b). For example, Kovalskyy and Roy (2013) indicated that the probability of there being at least one cloud-free image
in each of the three seasons in the year 2000 was 0.194, 0.742 and
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0.790 for Landsat 5 TM, Landsat 7 ETM+ and both Landsat sensors combined respectively, and the probability for the year of 2010 was 0.332,
0.621 and 0.727. Therefore, the probability of there being at least one
cloud-free image in each of the three seasons in both 2000 and 2010
is 0.262 (0.790 × 0.332), considering Landsat 7 ETM+ scan line corrector failed. Therefore, the pseudo change caused by phenological differences is inevitable when using Landsat image for change detection.
In order to combine temporal advantages of MODIS time series
and spatial advantages of Landsat image, several data blending
methods combining Landsat and MODIS have been developed to
generate high spatio-temporal resolution data, e.g., Spatial and
Temporal Adaptive Reﬂectance Fusion Model (STARFM) (Gao et al.,
2006), Weighted Linear System (WLS) of sub-pixel NDVI (Busetto
et al., 2008), Enhanced STARFM (ESTARFM) (Zhu et al., 2010), Spatial and Temporal Reﬂectance Unmixing Model (STRUM) (Gevaert
and García-Haro, 2015) and NDVI Linear Mixing Growth Model
(NDVI-LMGM) (Rao et al., 2015). The blended high spatio-temporal
resolution data could be used to monitor changes in land cover and
eliminate pseudo changes caused by phenological differences. For
example, Hilker et al. (2009) introduced a data blending model
called the Spatial Temporal Adaptive Algorithm for mapping Reﬂectance Change (STAARCH) to detect forest disturbances based on
Landsat and MODIS reﬂectance data. Chen et al. (2015b) used the
NDVI-LMGM to identify land cover changes to update land cover
data. However, these methods are generally pixel-based blending
models, which are sensitive to registration errors (Coppin et al.,
2004), and might have a blocky appearance resulted from different
scales of the fused images (Pohl and Van Genderen, 1998; Zhang,
2010). These methods also typically ignore useful context information, thus leading to “salt and pepper” effects on the blended result
(Gong et al., 2008; Im et al., 2008). On the contrary, Object Based
Image Analysis (OBIA) is currently gaining more attentions. Compared with a pixel, an object is a group of homogeneous pixels that
represent a meaningful object in the real world (Blaschke, 2010;
Bodart et al., 2011; Hu et al., 2013; Boschetti et al., 2015), and contains richer information regarding the shape, context and spatial relationship of the object (Benz et al., 2004; Chen et al., 2012; Powers
et al., 2012). The OBIA is less sensitive to registration errors and can
effectively solve the “salt and pepper” effect (Chen et al., 2014;
Hussain et al., 2013). Unfortunately, few studies have been performed to develop an object-based data blending method for detecting land cover changes (Ban and Jacob, 2013).
In this paper, an Object Based Spatial and Temporal Vegetation Index
Unmixing Model (OB-STVIUM) is proposed to solve the issue of phenological differences for land cover change detection. OB-STVIUM disaggregates MODIS NDVI time series into Landsat objects using spatial
analysis and linear mixing theory. Based on the NDVI time series of
the objects, the NDVI Gradient Difference (NDVI-GD) is designed to calculate the change magnitude considering the shape and value differences of the NDVI time series. The performance of this approach has
been tested using data of Liquan County, Shanxi Province, China. The results of OB-STVIUM have been compared with original MODIS NDVIs
and Landsat NDVIs, while the accuracy of NDVI-GD has been evaluated
using change/no-change error matrix.
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threshold deﬁned. Each step will be described in the following subsections.
2.1. Multi-data segmentation
Image segmentation is the foundation of the object-based data
blending model. The eCognition software has been widely used for
OBIA. In the software, the bottom up region-merging technique is
used to divide the image into homogeneous objects consisting of spectrally similar and spatially adjacent pixels (Desclée et al., 2006). The fundamental idea of the segmentation is that starting with each pixel as the
original image object, adjacent image objects are merged into a larger
object until the heterogeneity exceeds the threshold deﬁned by the
scale parameter (Benz et al., 2004; Desclée et al., 2006).
The most critical step of segmentation is determining the optimal
segmentation scale. The ESP tool under MMU restriction is applied
to select the optimal scale for segmentation (Fig. 1(a)). After a
range of possible scale parameters are selected by the ESP tool, the
size of objects for each scales are calculated, and then the optimal
scale parameter is determined using the criterion of ‘quantile-5’ object with the pre-deﬁned MMU. ESP is an automatic tool programmed in Cognition Network Language to determine the most
suitable series of scale parameters in the eCognition software
(Drǎguţ et al., 2010). The fundamental idea of ESP is to select the segmentation scales based on the Rate of Change (ROC) curve for the
calculated Local Variance (LV) of object heterogeneity at various
scales (see left panel in Fig. 1(a)). The scales corresponding to the
peaks of ROC-LV curves are selected as the appropriate parameters
for segmentation. The ESP tool takes advantage of LV to describe
the spatial structure of image, and could provide a range of suitable
scale parameters for image segmentation. However, the candidate
parameter sets are sometimes too large which makes it difﬁcult to
select the optimal one. In this case, MMU could be deﬁned as a restriction which determines the smallest size of change area entity
to be detected (Desclée et al., 2006; Yue et al., 2012). It is applied
to select the most suitable scale parameter based on the results of
ESP. Capitalizing on the idea of ‘quantile-5’ object proposed by Raši
et al. (2011), the object sizes are calculated from the smallest scale
parameter until at least 95% of the objects are larger than the MMU.
Given the input data, the segmentation for change detection
could be carried out in three ways: segmentation using one image
only (Raši et al., 2013), segmentation using two images separately,
and segmentation using two images stacked together (Niemeyer et
al., 2007; Raši et al., 2011). When segmentation using one image
only, the segmentation results are assigned to the other image,
which lose the spatial information from the second image. Although
applying segmentation to two images separately could capture spatial contexts for different dates, it would be difﬁcult to unify two
sets of image objects since the shape and size for objects might
vary for different time (Niemeyer et al., 2007; Blaschke, 2010). The
third segmentation method could consider the characteristics of
both images, and generate only one set of segmentation for two images, which could be easily applied for change detection at these two
dates. Therefore, we will use this strategy for image segmentation in
the proposed framework.

2. Methodology
2.2. OB-STVIUM for data blending
The proposed method of object-based data blending and change
detection includes three steps (Fig. 1). The ﬁrst step is the multidata segmentation of Landsat images using the optimal scale parameter determined by Estimation of Scale Parameter (ESP) tool under
Minimum Mapping Unit (MMU) restriction. The second step is
employing OB-STVIUM to disaggregate MODIS NDVI time series to
Landsat objects times series through a spatial analysis and the linear
mixing theory. The last step is using NDVI-GD to calculate the change
magnitude and determining change and no-change objects by

The basic idea of OB-STVIUM is to disaggregate the MODIS NDVI
time series to the Landsat objects based on the spatial analysis and the
linear mixing theory.
Generally, a Landsat image object is an irregular polygon that is not
completely covered by a MODIS grid; thus, the spatial analysis is performed to create a bridge layer between the Landsat objects and the
MODIS grids (Fig. 2). After segmentation of the Landsat image (Fig.
2(a)), a group of independent objects denoted by Oi are obtained as
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Fig. 1. Framework of the land cover change detection method by integrating OB-STVIUM.

shown in Fig. 2(b). The MODIS image (Fig. 2(c)) is then vectorized into a
set of grids described by Mj. (Fig. 2(d)), and NDVI values are assigned to
the attribute information of the MODIS grids. Then, a spatial ﬁlter is performed to search the MODIS grids that intersect with the target Landsat
object. In Fig. 2(e), the light blue and light purple squares identify intersection MODIS grids of object O4 and O5 respectively. An intersection
calculation between the Landsat object and the corresponding intersection MODIS grids is then performed to obtain the intersection polygon
layer. As shown in Fig. 2(f), the blue and purple hatched areas represent
the intersection polygons that were derived from object O4 and O5 respectively, using the intersection calculation with the corresponding
MODIS grids. The intersection polygon is described by (Oi, Mj), where
Oi is the object and Mj is the intersecting MODIS grid. Then, the intersection polygons constitute the bridge layer between the Landsat objects
and the MODIS grids. As shown in Fig. 2(g), the spatial topology analysis
indicates that each Landsat object can be composed of intersection polygons that are completely contained within the Landsat object, as well as
MODIS grid. For example, object O4 consists of the intersecting polygons
(O4, M1), (O4, M2), (O4, M3), (O4, M4), (O4, M5) and (O4, M6), and object
O5 is composed of the intersecting polygons (O5, M4), (O5, M5), (O5, M6),
(O5, M7), (O5, M8) and (O5, M9). Similarly, the MODIS grid M5 is composed of (O4, M5) and (O5, M5).
After the spatial analysis between the Landsat objects and the
MODIS grids, it is reasonable to assume that the NDVI value of an

object is the linear summation of NDVI values of the intersection
polygons within the object weighted by the corresponding percentage coverage (Eq. (1)):

NDVIðOi ; t Þ ¼

m
X





f o Oi ; M j  NDVI Oi ; M j ; t

ð1Þ

j¼1

where NDVI(Oi, t) is the NDVI value of object i at time t; NDVI(Oi, Mj, t)
denotes the NDVI value of intersection polygon (Oi, Mj) at time t; and
the percentage coverage of the intersection polygon (Oi, Mj) over the
object is described by fo(Oi, Mj). In Eq. (1), the value of fo(Oi, Mj) can
be determined by the ratio of the intersection polygon area to the object area. The value of NDVI(Oi, t) can be determined if NDVI(Oi, Mj, t)
is known. Thus, it is necessary to estimate the value of NDVI(Oi, Mj, t).
Similarly, the NDVI value of MODIS data at time t, which is denoted
by NDVI(Mj, t), can also be aggregated from the NDVI values of the intersection polygons contained in the MODIS grid with the weight of
the corresponding percentage coverage:

n

 X




f M Oi ; M j  NDVI Oi ; M j ; t
NDVI M j ; t ¼
i¼1

ð2Þ
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a) Landsat image
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b) Landsat objects
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M7 M8 M9
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(O4 ,M5) (O4 ,M6) (O5 ,M7) (O5 ,M8) (O5 ,M9)
(O4 ,M5)
(O5 ,M5)
Fig. 2. Flowchart of the spatial analysis between Landsat objects and MODIS grids.

where the value of fM (O i , M j ) is the percentage coverage of the
intersecting polygon (Oi, Mj) in MODIS grid j, which can be calculated
by the ratio of the intersection polygon area to the MODIS grid area.
Because the value of NDVI(Mj, t) is known from the MODIS image, it is
possible to obtain the value of NDVI(Oi, Mj, t).
In general, the MODIS grid is covered by multiple intersecting
polygons, which indicates that a unique solution of NDVI(Oi , Mj , t)
cannot be obtained without more information; therefore, the linear
mixing theory is used to solve the problem. The principle of this theory is that the NDVI value of a MODIS mixed pixel can be aggregated
from the NDVI value of each land cover type weighted by the fractional cover, as shown in Eq. (3):

h

 X




NDVI M j ; t ¼
f C k ; M j  NDVIðC k ; t Þ þ ε M j ; t

ð3Þ

k¼1

where f(Ck , Mj ) is the area percentage of class C k in MODIS pixel j;
NDVI(Ck, t) is the value of class Ck at time t; ε(Mj, t) is the corresponding error; and h describes the number of land cover types in MODIS
grid i. To solve Eq. (3), a moving window technology is used with
the assumption that the neighboring objects of the same class have
the similar NDVI values. As shown in Fig. 1(b), the target MODIS
grid is M5, which is the center of the moving window. Based on the

object-based unsupervised classiﬁcation, a linear system of equations is built, as shown in Eq. (4):
0
@

1 0
NDVIðM 1 ; t Þ
f ðC 1 ; M 1 Þ ⋯
A @
⋮
 ¼
 ⋮
 ⋱
NDVI M j ; t
f0 C 1 ; M j 1⋯
εðM1 ; t Þ
þ @  ⋮ A
ε M j; t

1
10
f ðC k ; M1 Þ
NDVI ðC 1 ; t Þ
A
A@
⋮
⋮


f Ck; M j
NDVIðC k ; t Þ
ð4Þ

Eq. (4) can be solved using the linear least squares method to obtain
the value of NDVI(Ck, t). If the intersection polygon (Oi, Mj) belongs to
the land cover class Ck, the NDVI value can be estimated as follows:


NDVI Oi ; M j ; t ¼ NDVIðC k ; t Þ

ð5Þ

Based on the NDVI value of the intersection polygon, the NDVI values
of object i at time t NDVI(Oi, t) can be obtained, as shown in Eq. (1).
When the NDVI values at other times are obtained, it is easy to construct
the NDVI time series curve of the object.
2.3. NDVI-GD for change detection
Based on the NDVI time series produced by OB-STVIUM, change detection is accomplished by assessing differences of NDVI time series of
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the same object at different years. The shape of NDVI time series is important for deriving relevant vegetation phenological characteristics,
and NDVI values are indispensable to describe the growth and health
of the vegetation (Reed et al., 1994). Therefore, both shape and value
differences are important for change detection using NDVI time series.
Chen et al. (2013) proposed the Spectral Gradient Difference (SGD)
for change detection that described spectral shape differences quantitatively but did not consider differences in reﬂectance values. Capitalizing
on the idea of SGD, the NDVI-GD is proposed in this study to measure
the shape and value differences of the NDVI time series by integrating
the metric of Euclidean distance.
The NDVI gradient is deﬁned to describe the shape of the NDVI time
series quantitatively for each object. First, the NDVI time series is divided into multiple segments for each time step (Fig. 3(a)). In each segment, its NDVI gradient is calculated as shown in Eq. (6), which
reﬂects the trend between the neighboring time indexes:

g ði; t k−1 ; t k Þ ¼

NDVIðOi ; t k−1 Þ−NDVIðOi ; t k Þ
t k−1 −t k

ð6Þ

where g(i, tk−1, tk) is the NDVI gradient from time index tk−1 to tk of object i, and NDVI(Oi, tk − 1) and NDVI(Oi, tk) are the NDVI values at time
index tk−1 and tk of object i, respectively. Fig. 3(b) shows the NDVI gradients of the original NDVI time series in Fig. 3(a). The value of NDVI
gradients should be positive (e.g., g(i, 5, 6)) and increasing when vegetation starts to grow, and it gradually decreases to zero when the vegetation reaches their peak during the growing season. After that, it should
decrease to negative (e.g., g(i, 18, 19)) since the vegetation starts to defoliate till the end of the growing season. A greater absolute value of
g(i, tk− 1, tk) indicates a larger change of NDVI from time index tk − 1 to
tk. Therefore, the NDVI gradient vector G (Eq. (7)) combined with the
gradients of all time segments could be used to describe the shape of
the NDVI time series:

the NDVI gradient difference ΔG measures the differences of the NDVI
curve shapes as follows:
ΔG ¼ G J −GH

T
T
¼ g j ði; 1; 2Þ; g j ði; 2; 3Þ; …; g j ði; k−1; kÞ −ðgh ði; 1; 2Þ; gh ði; 2; 3Þ; …; gh ði; k−1; kÞÞ

ð10Þ
where gj(i, k − 1, k) and gh(i, k − 1, k) are the NDVI gradient values of
time segment (k − 1, k) at different acquisition time intervals. The absolute value of ΔG is calculated to measure the shape differences of the
NDVI curves:
kΔGk ¼

k 
X

g ði; m−1; mÞ−g ði; m−1; mÞ
j
h

ð11Þ

m¼2

The NDVI gradient differences primarily describe the shape differences of the NDVI time series, but they cannot measure the differences
of the NDVI value adequately as indicated by the dashed lines between
the original NDVI curves in Fig. 1(c). Therefore, the Euclidean distance
between two NDVI time series is used to complement the shortage of
NDVI gradient differences, as shown in Eq. (12):
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u k
uX 
2
kΔCk ¼ t
NDVI j ðOi ; t n Þ−NDVIh ðOi ; t n Þ

ð12Þ

n¼1

where ‖ΔC‖ is the difference of the NDVI value. We combine the shape
and value differences of the NDVI time series to assess changes of land
cover, as shown in Eq. (13):
ΔD ¼ wkΔGk  kΔGk þ wkΔCk  kΔCk

ð13Þ

Based on the NDVI gradient calculation, the NDVI gradient difference
is used to describe the shape changes of the NDVI time series at different
years. It is assumed that the NDVI values of object i at year A and year B
are given by H and J, respectively:

where w‖ΔG‖ and w‖ΔC‖ are the weights of ‖ΔG‖ and ‖ΔC‖ respectively,
and ΔD is the comprehensive change magnitude. Because the NDVI proﬁle shape and values are equally important, the weights are set both 0.5
in the study. The value of ΔD represents the change possibility of the object, while a larger ΔD value indicates a higher possibility of change.
After calculating the change magnitude, a threshold (Tp) deﬁned by
the mean magnitude (ΔD) plus an adjustable parameter (p) multiplied
by the standard deviation (σΔD) is used to determine the change and
no-change objects (Xian et al., 2009), which is calculated by Eq. (14):

H ¼ ðNDVIh ðOi ; t 1 Þ; NDVIh ðOi ; t 2 Þ; ⋯NDVIh ðOi ; t k ÞÞT

ð8Þ

T p ¼ ΔD þ p  σ ΔD


T
J ¼ NDVI j ðOi ; t 1 Þ; NDVI j ðOi ; t 2 Þ; ⋯NDVI j ðOi ; t k Þ

ð9Þ

An optimal searching method is used to automatically determine the
parameter p based on training samples. With this, a series of parameters
are obtained within a certain range with a ﬁxed step, and the corresponding thresholds are calculated using Eq. (14). Accuracies of change
detection results are validated using the training samples, and the

T

G ¼ ðg ði; 1; 2Þ; g ði; 2; 3Þ; …; g ði; k−1; kÞÞ

ð7Þ

Using Eqs. (8) and (9), the object's NDVI gradient vectors GH and GJ
can be obtained. Fig. 1(c) shows the NDVI gradients, and the dashed
lines between them indicate the gradient differences. The vector of
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Fig. 3. Calculation of the NDVI gradient: (a) original NDVI curve and (b) NDVI gradients.

15

20

M. Lu et al. / Remote Sensing of Environment 184 (2016) 374–386

379

Fig. 4. Landsat images of the study area for change detection (NIR-Red-Green false composition): (a) captured on March 31th, 2002; and (b) captured on June 29th, 2009.

parameter with the highest accuracy is eventually used for change
detection.
RMSE ¼

vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
uX
n 
2
u
u
NDVIbi −NDVIoi
t
i¼1

n

ð16Þ

2.4. Validation strategies
Validation strategies include performance evaluation for data blending and accuracy assessment for change detection.
The performance of data blending is evaluated by comparing the results with the observed MODIS NDVIs and Landsat NDVIs using quality
indicators (Gevaert and García-Haro, 2015; Busetto et al., 2008). The
performance evaluation by using MODIS NDVIs is based on the concept
that the blending NDVIs from disaggregated values according to the linear mixing theory should be equal/close to the original MODIS image
(Maselli, 2001; Busetto et al., 2008). The blending NDVIs are resampled
to MODIS resolution, and then correlation coefﬁcients (r) (Eq. (15)) and
Root Mean Square Errors (RMSE) (Eq. (16)) between blending NDVIs
and MODIS NDVIs on the same day are calculated.
n 


X
NDVIbi −NDVIb NDVIoi −NDVIo
i¼1
ﬃ
r ¼ sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
n 
n 
2 X
2
X
NDVIbi −NDVIb 
NDVI oi −NDVI o
i¼1

i¼1

ð15Þ

where NDVIbi and NDVIoi are the blending and observed NDVI values of
pixel i; NDVI b and NDVIo are the mean values of blending and observed
NDVI. Although the agreement with MODIS NDVIs can manifest the
consistency of algorithm, it cannot imply its reality. Therefore, more
Landsat images are collected as a surrogate for ﬁeld data to test the realistic of blending NDVIs by calculating the correlation coefﬁcient and
RMSE between blending NDVIs and Landsat NDVIs on the nearest day.
The accuracy assessment curves and error matrix are used to assess
the accuracy of change detection based on the test samples. In general,
the results of change detection are dependent on the thresholds of
change magnitude. Accuracy assessment curves represent the quantitative relationships between the parameter level for threshold (Eq. (14))
and the accuracy assessment ﬁgures (Chen et al., 2013). The curves used
here include lines for overall accuracy, Kappa coefﬁcient, change omission and change commission. By doing so, it can better validate the rationality of optimal parameter for threshold calculation. Moreover, the
results of change detection with the optimal parameter are assessed
by using error matrix based on the test samples.

Fig. 5. The LV-ROC graph exported by ESP tool.
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Fig. 6. Comparison of NDVI time series produced by OB-STVIUM and original spectral curves of Landsat images: (a) and (b) are the images of blending NDVI in 2002 and 2009 respectively;
(c) and (d) are the ampliﬁcation regions of the yellow rectangles in (a) and (b); (e) is the NDVI time series of the object described in the blue polygon in (c) and (d); (f) and (g) are the
Landsat images of 2002 and 2009 overlaid with objects; (h) shows the spectral curves of the objects described by the blue polygons in (f) and (g).

Fig. 7. The change magnitude (a) and change detection results (b) of NDVI-GD.
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Fig. 8. The evaluation results of OB-STVIUM using correlation coefﬁcient (a) and RMSE (b).

3. Study area and data source
The study area used in this study is located in Liquan County, Shanxi
Province, China. It covers approximately 240 km2 (34°3′35.48″N - 34°5′
42.84″N, 108°2′0.44″E - 108°12′33.55″E). The region locates in the
warm temperate zone and has four distinct seasons because of the continental monsoon. This area has a variety of land cover types including
cropland, building-up, water, bareland and forest. Among these land
cover types, the most dominant one is cropland, which could be easily
affected by pseudo changes of phenological differences. In addition to
the diverse land cover types, predominant land cover change in China
has occurred in this region, including extensive urbanization, agricultural ﬁeld abandonment, and deforestation, which could be used to test the
performance of the proposed method across different land cover change
types.
A couple of cloud-free Landsat images covering the study area have
been obtained from the United States Geological Survey (USGS) website
(http://glovis.usgs.gov/) for change detection. The acquisition dates of
the images were March 31th, 2002 and June 29th, 2009 from the
Landsat-7 and Landsat-5 satellites, respectively. To eliminate the inﬂuence of atmospheric conditions, atmospheric corrections were applied
to the images using the FLAASH modeling tool in the ENVI software,
which incorporates the MODTRAN4 radiation transfer code to convert
the digital value in the original image to the surface spectral reﬂectance.
Then, the geometric registration of the two Landsat images was performed with the RMSE of 0.5 pixels to avoid registration errors. Fig. 4
shows the images after data preprocessing and indicates that the spectral features of the vegetation and cropland in the two images are significantly different.
More Landsat images in 2002 and 2009 have also been collected to
evaluate the performance of the data blending algorithm. In 2002, six
cloud-free Landsat 7 ETM + images were available including January
10, June 3, August 22, September 23, November 10 and November 26.
In 2009, four images were obtained including January 21, June 14, November 5, and November 21. Because there was no cloud free image
for spring in 2009, image acquired in April 30, 2010 was added as a substitute. These validation images have also been atmospherically
corrected via FLAASH in ENVI software, and then the NDVI images
were obtained using red and near infrared bands.
The annual MODIS NDVI 16-day composite grid data (MOD13Q1) of
the years 2002 and 2009 were acquired from the Level 1 and Atmosphere Archive and Distribution System (LAADS) Web of National Aeronautics and Space Administration (NASA) (http://ladsweb.nascom.
nasa.gov/index.html). The dataset of each year was composed of
twenty-three 16-day MODIS NDVI images with a spatial resolution of
250 m in the sinusoidal projection. MODIS NDVI time series images
were re-projected from the original sinusoidal projection to the UTMWGS84 projection to maintain consistency with the Landsat data. The
Savitzky-Golay ﬁlter was then applied to reduce the noise present in
the NDVI time series that was caused primarily by atmospheric variability and cloud contamination (Chen et al., 2004).

The samples were collected for the training of optimal parameter
search and the accuracy assessments of change detection. Seed points
of samples were ﬁrst selected using stratiﬁed random sampling method,
and then the polygon samples with a window size of 3 × 3 pixels were
obtained by regional growth with the seed points. With the aid of the
high resolution images and reference materials, the polygon samples
were labeled as change or no-change. When the number of change or
no-change pixels in a polygon sample was more than 6, it was labeled
as change or no-change correspondingly, otherwise it was eliminated
because it is unable to determine its change status. In total, there were
100 polygon samples (900 pixels) of no-change and 77 polygon samples
(693 pixels) of change. 40 Samples of no-change (360 pixels) and 30
samples of change (270 pixels) were used for parameter training, and
the rest were used for accuracy validation.

4. Results
4.1. Segmentation of Landsat images
ESP as a customized process was applied in the eCognition software.
After setting the algorithm parameters of ESP, the tool calculated the LV
of the objects from scale parameter 1 to 50 with step of 1. Based on the
ROC curve (Fig. 5), 10, 13, 20, 25, 33, 39 and 47 were selected as the potential scales which corresponds to local maxima (i.e., notable local
peaks in Fig. 5). The MMU was deﬁned as 1 ha according to the change
fragmentation in the study area. Because the alternative scales obtained
by ESP tool were larger or equal 10 and the smaller scale parameters
were insufﬁcient, two smaller scale parameters 5 and 7 were added as
alternative according to the MMU. Then, we calculated the object sizes
and the percentages of size larger than MMU from scale 5. It was
found that the scale parameter 10 reached the MMU size criterion for
the ‘quantile-5’ object, which was then selected as the optimal scale parameter for segmentation.
The Landsat images acquired in March 31th, 2002 and June 29th,
2009 were stacked, and then the multi-resolution segmentation with
scale parameter 10 was performed in eCognition software. The segmentation parameters of the shape and compactness were 0.1 and 0.1 respectively through experience. After the segmentation, the object

Table 1
Error matrix of the change detection.
Reference change

Classiﬁed
change

Change
No-change
Sum
Omission error

Change

No-change

Sum

Commission
error

353
70
423
16.55%

36
504
540
6.67%

389
574
963

9.25%
12.20%

Overall accuracy = 88.99%, Kappa coefﬁcient = 0.77.
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Fig. 9. Accuracy assessment curves with parameters ranging from 0 to 2.5.

layers with the attributes of mean spectral value in each object of the
two Landsat images were exported.
4.2. NDVI time series construction
OB-STVIUM was used to construct the NDVI time series of the
Landsat objects in 2002 and 2009. In order to get the object classiﬁcation
results, the object-based ISODATA unsupervised classiﬁcation was conducted with a predeﬁned class number of 5, because the primary land
cover types in the study area are cropland, building-up, water, bareland
and forest. The results of OB-STVIUM in 2002 and 2009 are shown in Fig.
6(a) and (b). Because the original Landsat images were acquired in different seasons, the same object of different years expressed different
spectral features as shown in Fig. 6(h). Therefore, if the Landsat images
were used for change detection, the pseudo changes caused by phenological differences could be inevitable. On the contrary, the NDVI time
series for the year of 2002 and 2009 appear to be very similar (Fig.
6(e)); therefore, it is reasonable to consider that OB-STVIUM could
potentially eliminate the pseudo changes caused by phenological
differences.
4.3. Identiﬁcation of change and no-change areas
The NDVI-GD change detection method was used to calculate the
change magnitude of the NDVI time series in each object. As shown in
Fig. 7(a), the brighter area of the change magnitude indicates a higher
change possibility. The parameter searching based on the training samples was used to determine the optimal parameter for change detection.
Existing studies demonstrated that the optimal range of adjustable parameter is from 0 to 2.5 (Morisette and Khorram, 2000; Xian et al.,
2009). Following this, a series of parameters under this range were

obtained with the step of 0.01. Then the overall accuracy based on the
training samples of change detection with the corresponding threshold
was calculated. The parameter 1.67 achieved the highest overall accuracy, which was then used for the ﬁnal change detection. As shown in Fig.
7(b), the change detection result is expressed as a binary image where
the white and black areas indicate the change and no-change areas
respectively.
4.4. Validation results
The performance evaluation of data blending algorithm was accomplished by comparing with original MODIS NDVIs and Landsat NDVIs
(Fig. 8). Because NDVI is mainly used to indicate the vegetation greenness and vigor, the land cover types of water and building-up were excluded. Correlation coefﬁcients between NDVIs of OB-STVIUM and
original MODIS range from 0.958 to 0.988 and RMSEs vary from 0.022
to 0.046. The correlation coefﬁcients with Landsat NDVIs are lower
than MODIS NDVIs, which range from 0.934 to 0.982. The RMSEs compared with Landsat NDVIs are from 0.038 to 0.137, which are higher
than the ones compared with MODIS. Therefore, the NDVIs of OBSTVIUM are more similar with MODIS NDVIs compared with Landsat
NDVIs. This is because the theoretical basis of OB-STVIUM, which
using linear mixing theory disaggregates the MODIS NDVI to the
Landsat object, causes it to produce MODIS-like NDVIs.
The error matrix based on test samples was employed to assess the
accuracy of change detection results using the parameter 1.67. As
shown in Table 1, the overall accuracy is 88.99%, and the Kappa coefﬁcient is 0.77, which demonstrates the good performance of the objectbased change detection results.
Because the change detection accuracy assessment is dependent on
the threshold of change magnitude, the accuracy assessment curve

Fig. 10. Mean of correlation coefﬁcients (a) and RMSEs (b) with various segmentation scales.
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Table 2
The parameter for threshold and accuracy assessment features.
Segmentation
scale
0
5
10
20
30
40
50

Parameter for
threshold

Overall
accuracy

Kappa
coefﬁcient

Change
omission

Change
commission

1.09
1.03
1.67
1.25
1.16
0.49
1.29

73.21%
77.78%
88.99%
75.70%
68.22%
61.79%
63.55%

0.44
0.54
0.77
0.50
0.33
0.20
0.21

46.81%
30.97%
16.55%
35.93%
55.32%
57.45%
68.32%

21.05%
22.13%
9.25%
23.23%
27.59%
40.98%
31.63%

based on the test samples was used to assess the inﬂuences of thresholds on change detection. The parameters of threshold, ranging from 0
to 2.5 with 0.25 step, were ﬁrst set to obtain a series of change detection
results. The accuracy assessment curves including Kappa coefﬁcient,
overall accuracy, change omission and change commission are shown
in Fig. 9. The parameters between 1.5 and 1.75 obtain the highest
Kappa coefﬁcient and overall accuracy, and have the best trade-off between change omission and commission. The optimal parameter 1.67
based on the training samples was in this range, which means the parameter optimization is effective.
5. Discussion
5.1. Effects of the input parameters on the algorithm performance
In this section, we analyzed the effects of two input parameters
including segmentation scale and window size on the algorithm
performance.
Since the scale parameter determines the size of objects, it will affect
the results of data blending and ﬁnal change detection. In order to examine its impact on the performance of OB-STVIUM, segmentation
scales 0, 5, 10, 20, 30, 40, and 50 were used to derive different results,
while results of segmentation scale 0 are equivalent to the pixel-based
results. The correlation coefﬁcients and RMSEs between blending
NDVIs and MODIS NDVIs at the same day were calculated, and then
the mean values of correlation coefﬁcients and RMSEs were obtained
to evaluate the consistency accuracy of data blending at each segmentation scale (Fig. 10(a)). Similarly, the mean correlation coefﬁcients and
RMSEs between blending NDVIs and Landsat NDVIs were calculated to
assess the reality accuracy of blending results (Fig. 10(b)). From Fig.
10, the mean correlation coefﬁcients increase signiﬁcantly, and the
means RMSEs decrease sharply when the scale increase from 0 to 10.
After that, both RMSEs and correlation coefﬁcients ﬂuctuate slightly
when segmentation scale increases from 10 to 50. Therefore, it is reasonable to conclude that the object based data blending is superior to
the pixel based one, and OB-STVIUM is less sensitive to larger segmentation scale to some extent. Meanwhile, the segmentation scale of 10
appears to be the optimal scale for the data blending because of its
higher correlation coefﬁcients and lower RMSEs, which manifests that

ESP under MMU restrictions is an effective method to determine the optimal scale for data blending.
Based on results of OB-STVIUM with various segmentation scales,
the change magnitude results by using NDVI-GD were also obtained at
various segmentation scale, and the optimal parameter search based
on the same training samples was performed to determine the thresholds for change detection, as shown in Table 2. All change detection results were assessed using the same test samples, and the overall
accuracy, Kappa coefﬁcient, change omission and change commission
are described in Table 2. From scale 0 to 10, the values of the overall accuracy and Kappa coefﬁcient increase, which is consistent with the assessments of OB-STVIUM (Fig. 10). However, the accuracy indicators
decrease gradually when scale parameter continues to increase after
10. One potential reason is that there might be mixed large objects containing both change and no-change areas when the segmentation scale
is too large, thus making it difﬁcult to distinguish change and no-change
areas. This is more serious when segmentation scale exceeds the real
object scale in the landscape (e.g., size of croplands). Compared with
the results of object-based data blending model, object-based change
detection is more sensitive to segmentation scales.
In addition, we also test the impacts of the moving window size on
OB-STVIUM, which is used to solve the linear mixing model (Eq. (4)).
OB-STVIUM was conducted using four window sizes including 3 × 3,
5 × 5, 7 × 7 and 9 × 9 with segmentation scale 10. Fig. 11 shows the
mean correlation coefﬁcients and RMSEs of various window sizes compared with original MODIS NDVIs in 2009. The results suggest that the
performance of OB-STVIUM degrades when the window size increases.
When the window size is too large, more MODIS pixels are involved for
the solution of linear system. However, the assumption that the neighboring objects of the same class have the similar NDVI values may be invalid and cause larger errors in the blending results. In this study, the
window size of 3 × 3 is optimal for OB-STVIUM, as suggested for example in Rao et al. (2015).
5.2. Comparisons of data blending algorithms
The performance of OB-STVIUM has also been compared with
STARFM and NDVI-LMGM, two different pixel based data blending
methods. STARFM and NDVI-LMGM have been applied to produce the
30 m NDVI time series data in 2002 and 2009 using the same input
data as OB-STVIUM. The correlation coefﬁcients and RMSEs of STARFM
to the original datasets are shown in Fig. 12(a) and (b) respectively.
Fig. 12(c) and (d) show the correlation coefﬁcients and RMSEs between
NDVI-LMGM and original datasets. The mean correlation coefﬁcients
and RMSEs in 2002 and 2009 are shown in Table 3. Based on these comparisons, the mean correlation coefﬁcients of OB-STVIUM are higher
than other two methods, while the mean RMSEs are lowest. Therefore,
OB-STVIUM has a superior performance compared with other two
methods.
OB-STVIUM is an unmixing-based algorithm that disaggregates
MODIS NDVI time series to Landsat objects using the spatial analysis

b)
0.982

Average value of RMSE

Average value of
correlation coefficient

a)
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0.035
0.035
0.034
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Fig. 11. Mean values of correlation coefﬁcient (a) and RMSE (b) of various window sizes.
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Fig. 12. The evaluation results of STARFM and NDVI-LMGM: (a) correlation coefﬁcients of STARFM, (b) RMSEs of STARFM, (c) correlation coefﬁcients of NDVI-LMGM, (d) RMSEs of NDVILMGM.

and the linear mixing theory. The results of OB-STVIUM are MODIS-like
NDVI; therefore, the correlations of OB-STVIUM to MODIS imageries of
2002 and 2009 are higher than the Landsat imageries (Table 3). OBSTVIUM utilizes the Landsat image to provide information including
spatial pattern and fraction cover of land cover class, and it is less
depended on the number and acquisition time of Landsat image; therefore, the differences of mean correlation coefﬁcients and RMSEs to
Landsat imageries between 2002 and 2009 are slightly smaller compared with STARFM and NDVI-LMGM.
Different from OB-STVIUM, the basic theories of STARFM and NDVILMGM make them to product Landsat-like NDVIs, which are more dependent on the number and acquired time of Landsat images (Gao et
al., 2006; Rao et al., 2015; Gevaert and García-Haro, 2015). Their results
have higher correlation coefﬁcients and lower RMSEs for the Landsat
images than the MODIS images (Table 3 and Fig. 12). Previous studies
have pointed out that STARFM and NDVI-LMGM are more dependent
on the number of input Landsat-MODIS data pairs, since more available
input data pairs could provide more reliable base information to improve the performances of STARFM and NDVI-LMGM (Rao et al., 2015;
Gevaert and García-Haro, 2015). However, in this paper, due to only
one Landsat image for the construction of NDVI temporal proﬁles, the
performances of STARFM and NDVI-LMGM methods are poorer than
OB-STVIUM. Meanwhile, STARFM and NDVI-LMGM are sensitive to
the acquisition time of input Landsat images. The Landsat image of
2009 (June 29th) is acquired in the middle of the growing season with
stable NDVI; therefore, it could provide more accurate base information
on the land cover type and reduce the propagation of predicted error.
On the contrary, the Landsat image in March 31th 2002 was acquired

at the beginning of the growing season when vegetation is hard to be
distinguished from other land covers, which provides inaccurate based
information for the prediction. Therefore, the correlation coefﬁcients
of STARFM and NDVI-LMGM in 2009 are higher than 2002, while the
RMSEs of 2009 are lower than 2002 (Fig. 12 and Table 3).
In general, the selection of optimal data blending method depends
on the intended application (Gevaert and García-Haro, 2015). The aim
of this paper is to eliminate the pseudo changes caused by the pair images acquired from different seasons. OB-STVIUM method is more appropriate for this application because it is less sensitive to the number
and acquired time of Landsat images and can produce MODIS-like
NDVIs. On the contrary, STARFM and NDVI-LMGM are more dependent
on the input Landsat data. The performances of these two methods are
poorer than OB-STVIUM when using only one Landsat image. Meanwhile, the NDVI temporal proﬁles in different years derived from the
two methods may be varied if the pair images are acquired from different seasons, and introduce more errors for change detection.
6. Conclusion
In this study, a new object-based data blending method OB-STVIUM
has been developed for land cover change detection to eliminate pseudo
changes caused by phenological differences. ESP tool under MMU restriction is employed to obtain the optimal scale for image stacking segmentation for both Landsat images. Then, the OB-STVIUM disaggregates
MODIS NDVIs to the Landsat object using spatial analysis and linear
mixing theory. Lastly, the NDVI-GD change detection is used to identify
the change and no-change objects based on the shape and value

Table 3
The average values of quality indicators in 2002 and 2009.
2002

OB-STVIUM
STARFM
NDVI-LMGM

r Lansat
0.965
0.587
0.518

2009
RMSELandsat

r MODIS

0.096
0.278
0.421

0.979
0.495
0.291

RMSEMODIS

r Lansat

RMSELandsat

r MODIS

RMSEMODIS

0.036
0.343
0.503

0.964
0.891
0.893

0.102
0.138
0.144

0.981
0.653
0.684

0.035
0.193
0.178
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differences of the NDVI time series. The approach was tested in the
study area in Liquan County, Shanxi Province, China. The results indicated that the proposed approach can effectively solve the pseudo changes
and improve the accuracy of change detection.
An object is the basic unit of the image analysis in this paper. The
segmentation scale was determined by ESP tool under MMU restriction
which combines the advantages of ESP tool and MMU criterion. With
the optimal segmentation scale 10, the blending results have higher correlation coefﬁcients and lower RMSEs to the original MODIS NDVIs and
Landsat NDVIs. Meanwhile, the accuracy of change detection results
with scale 10 were higher than other scales. Therefore, ESP tool under
MMU restriction is an effective method to automatically provide optimal scale for object-based image analysis. When the segmentation
scale is 0, namely pixel-based analysis, the accuracies of data blending
and change detection are lower; thus it is reasonable to consider that
object-based method can improve the accuracy for change detection.
OB-STVIUM employs spatial analysis and linear mixing theory to disaggregate the MODIS NDVI time series to Landsat objects, and produces
MODIS-like NDVIs which have higher consistency with original MODIS
time series. Compared with STARFM and NDVI-LMGM, it is less dependent on the number and acquisition time of Landsat image, and has superior and stable performances when only one Landsat image was
available. Therefore, OB-STVIUM is more suitable for change detection
application to eliminate pseudo changes caused by phenological
differences.
NDVI-GD change detection is used to determine the change and nochange areas based on the NDVI shape and value differences simultaneously. The NDVI gradient is deﬁned to describe the shape differences
of the NDVI time series quantitatively, and Euclidean distance is used to
measure the NDVI value differences. The two change metrics complement each other and can obtain a better change detection result.
NDVI-GD is more sensitive to the segmentation scale compared with
OB-STVIUM, because if the segmentation scale is too large, the change
and no-change areas may be contained within one object, and it is difﬁcult to distinguish them.
Although OB-STIVIUM was tested based on Landsat and MODIS data,
both could also be easily extended to other data sources, such as SPOT/
VEGETATION and Chinese HJ-1B. Therefore, additional experiments are
required to improve the proposed method using various sensors in the
future. Meanwhile, NDVI-GD was primarily used for identifying change
and no-change areas without considering the types of change that occurred. In the future, the proposed method should be developed to determine change types using the change patterns between land cover
types based on the NDVI time series of object.
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