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Abstract. Land cover change detection has been a topic of active research in the remote sensing community.
Due to enormous amount of data available from satellites, it has attracted the attention of data mining
researchers to search a new direction for solution. The Terra Moderate Resolution Imaging Spectrometer
(MODIS) vegetation index (EVI/NDVI) data products are used for land cover change detection. These data
products are associated with various challenges such as seasonality of data, spatio-temporal correlation, missing
values, poor quality measurement, high resolution and high dimensional data. The land cover change detection
has often been performed by comparing two or more satellite snapshot images acquired on different dates. The
image comparison techniques have a number of limitations. The data mining technique addresses many challenges such as missing value and poor quality measurements present in the data set, by performing the preprocessing of data. Furthermore, the data mining approaches are capable of handling large data sets and also use
some of the inherent characteristics of spatio-temporal data; hence, they can be applied to increasingly immense
data set. This paper stretches in detail various data mining algorithms for land cover change detection and each
algorithm’s advantages and limitations. Also, an empirical study of some existing land cover change detection
algorithms and results have been presented in this paper.
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1. Introduction
The land cover change impacts on local climate, hydrology,
radiation and bio-geochemistry. Studies have shown that
deforestation has a significant impact on local weather,
greenhouse gas emissions in the atmosphere (carbon dioxide), cloudiness and rainfall, etc. The quantifiable knowledge about changes that occur in land cover and land use at
a global scale is important to make effective planning for
conservation and sustainable use of natural resources such
as forest cover and agricultural land. Due to the importance
of land cover and land use change detection, it has been a
topic of active research in the remote sensing community.
The land cover change detection problem is to detect when
the land cover of a particular location has been converted
from one type to another, i.e. conversion of forested land to
barren land due to fires, droughts, insect damage, logging,
etc.
Land cover change detection has often been carried out
by employing image-based techniques, comparing two or
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more satellite snapshot images acquired on different dates
[1]. In the image-based techniques, the accuracy of result
solely depends on the domain scientist experience. It does
not automatically provide an idea about the rate of change,
i.e., whether sudden change or gradual change occurs in a
particular location. The image-based techniques compare
only between two satellite snapshot images acquired on
different dates and do not consider the information of these
dates; hence, an actual date of change is difficult to find.
These techniques could not derive information about
ongoing landscape processes; also, they have been focused
on relatively small areas only. The changes that occur
outside the image acquisition windows are not mapped and
these techniques are also unsuitable for global scale
application [2].
The time series data addresses to overcome the aforementioned problem with image-based techniques [3] or
image-based data [4]. Recently, approaches based on data
mining or time series have been employed to detect land
cover changes [5, 6]. The data mining technique applied on
time series data has significant advantages over the comparison of snapshot images on selected dates. In this technique, detection of changes is based on the pattern of
spectral response of the landscape over time rather than the
2081
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differences between two or more images collected on different dates. The data mining technique also addresses the
time of change, type of change, the extent of change, pattern of re-growth, etc. [2].
‘‘There are broadly three types of vegetation changes in
time-series-based data: sudden change, gradual change and
land cover type change. Sudden change is abrupt and
unexpected reduction in large vegetation index that extends
over multiple months (greater than seasonal months) or
multiple years at the time. The sudden change is also called
abrupt change. It occurs in vegetation index time series due
to events like a forest fire, flood, mechanized clearings, etc.
The gradual change is a gradual increase or decrease in
vegetation trends spanning over multiple years in time. The
gradual changes represent plantation, forest degradation
such as that due to long-term droughts, beetle infestations,
gradual logging, etc. The land cover type change identifies
any change in the vegetation type such as a change from
one land cover to another or change in cropping patterns,
clearing of forests for agriculture, urban expansion, etc.’’
[2]. In this paper, we discuss briefly about various existing
data mining approaches for land cover change detection,
using time series data. The methodology for land cover

Figure 1. Methodology of land cover change detection using data
mining.

change detection using the data mining technique has been
shown in figure 1.
The rest of the paper is organized as follows. Section 2
briefly describes about the data sets used for land cover
change detection. The various existing data mining
approaches for land cover change detection are explained;
also, advantages and limitations of each algorithm are
discussed in section 3. An empirical study of some existing
change detection algorithms is carried out and its results are
discussed in section 4. Finally, we discuss and conclude the
paper in sections 5 and 6, respectively.

2. Moderate resolution imaging spectroradiometer
vegetation indices
For mapping land cover, the remote-sensing-based techniques offer the most cost-effective data. The global coverage with large amounts (i.e., terabytes) of temporal,
spatial and spatio-temporal data has been generated by
NASA’s earth observation satellites, which are freely
available for research work. The quantity of the greenness
of vegetation at a particular location is expressed by
Vegetation Indices (VIs), which are an important ecosystem
variable. The VI is used for phonologic monitoring; biophysical derivation of radiometric and structural vegetation
parameters; classification of vegetation and land cover;
detection of drought, deforestation, land degradation, land
change and monitoring of detecting land change [7]. The VI
ranges between 0 and 1. The VI from 0 to 0.1 designates
barren areas of rock, sand or snow; values ranging between
0.2 and 0.3 correspond to shrub and grassland; high values
between 0.6 and 0.9 represent temperate and tropical
rainforests. In general, for land cover change detection, two
global vegetation indices, NDVI and EVI are used. After
launching of Moderate Resolution Imaging Spectroradiometer (MODIS) Terra and Aqua satellite by NASA, the
EVI is available from year 2000 to date. The NDVI, which
is available from 1981 to date, from the NOAA-AVHRR
series, has been extended by MODIS. The EVI and NDVI
data have been provided in the HDF-EOS file format by
MODIS Land Discipline Group with varying spatial (250
m, 500 m, 1 km and 5600 m or 0:05 ) and temporal (16day, monthly) resolutions. The data range in the HDF-EOS
file is stored from  2000 to ?10000 with a fill value of
 3000. To convert data range between 0 and 1, first the
negative data values have been discarded and then the each
data value is divided by 10,000 in the preprocessing phase.
These data sets also include quality assurance information,
which addresses under which conditions each pixel was
acquired and processed [8]. The NDVI and EVI composite
data products are available for public download at the Land
Processes Distributed Active Archive Center (LP DAAC)
[Available: https://www.lpdaac.usgs.gov/products/modis_
products_table].
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3. Review of algorithms
This section briefly discusses various data mining approaches for land cover change detection. Furthermore, among
these, some approaches have the ability to detect sudden
changes, some have the ability to detect gradual changes
and few are capable of finding both changes in vegetation
index time series data. In addition, each algorithm’s limitation and advantages have been discussed over in detail.
For each location, the vegetation index time series is an
input to the approach and as a result the change score
corresponding to that location is obtained. The location
with change score greater than the predefined threshold
value is called change. These techniques are able to take
advantage of the inherent structure present in vegetation
index time series data, i.e., seasonality. The general notations, which are used in this paper for time series change
detection, are shown in table 1.

3.1 Modified Lunetta algorithm
Lunetta and his team [9] proposed this technique and
applied to NDVI time series data of North Carolina, to
identify the land cover change. The Lunetta technique first
computes the annual sum and then finds the difference
between consecutive annual sums to detect whether a
change has occurred between the two years, ti and tiþ1 . The
calculated results are equivalent to applying first-order
differencing to the time series of annual totals [10]. The
resulting differences are accompanied by an approximate
normal distribution with l ¼ 0, when no change has taken
place. Finally the z-score of each annual sum of differences
is computed by determining the standard deviation through
considering all the spatial neighbours of the pixel
(i.e. location) present in that time window. Thus, the
Lunetta algorithm is a spatio-temporal change detection
technique. A particular location is considered as change if
the z-score is greater than the threshold (s) value and
indicates that a change has been taking place between the
consecutive years corresponding to ti and tiþ1 .

Table 1. Notations for time series change detection [2].
Data set
Land location
Length of time series (EVI/NDVI)
Trailing month
Number of complete years in time series T
The total number of months in y years
The time series with t number of months
The seasonal length or number of time steps
corresponding to one year of data

D
N
T
TM
T%12
TTM
y
12
t
y  12
A
p ¼ 23 for
biweekly data
p ¼ 12 for
monthly data
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In order to study land cover change detection problem,
Boriah and his team [11] have slightly modified the Lunetta
algorithm [9], which is called a Modified Lunetta algorithm. The time series for each location is processed by the
Modified Lunetta algorithm as follows.
Step 1. The annual sum of EVI, aj , is computed
aj

X12
t¼1

At

where j represents the year, which varies from 1 to y. At is
the EVI value at time step t.
Step 2. The difference between annual sums of two
consecutive years, dj , is computed, where j varies from 1
to y  1.
dj

ajþ1  aj :

Step 3. The Z-score value, Zi , is computed for each dj by
subtracting the mean and standard deviation of dj . Here, i
and j vary from 1 to y  1. Let Z1 ; Z2 ; . . .; Zy1 be the Zscore
values
corresponding
to
d1 ; d2 ; . . .; dy1 ,
respectively.
Step 4. The change score for a time series can be assigned
by taking the maximum of the absolute value of
Z1 ; Z2 ; . . .; Zy1 .
CS

maxfabsfZi gg

This algorithm has low computational complexity and is
highly scalable; it is also less affected by noise. The algorithm has ability to detect both increase and decrease in
vegetation. It has detected single change, but could detect
multiple changes by small modification. The Lunetta
algorithm considers the spatial neighbourhoods of the pixel,
which account for time periods that have high natural
variability or variability induced by noise. However, the
Modified Lunetta algorithm does not include the spatial
neighbourhoods of the pixel.
This algorithm fails to deal with multiple missing values
present in input time series. For computation of change score
of a particular location, this algorithm converts the time
series into annual sums; thus, the estimated time of change is
precise only up to the year of change. The spatial neighbourhoods included by this algorithm should be coherent, but
practically land covers may be non-coherent in nature
because the data set may consist of multiple land cover types.
The computational complexity and storage requirement
of the Modified Lunetta algorithm are O(Nt) and O(N),
respectively [2]. Here, N is the number of locations and t is
the time required to process the single location, i.e., O(t).

3.2 CUSUM MEAN algorithm
Cumulative sum (CUSUM) algorithm was originally
developed for the domain of process control [12] and is a
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well-known change detection algorithm. CUSUM technique is a parameter change technique that uses the mean of
the observations as a parameter to identify the dispersion of
the data values. The basic CUSUM scheme has an expected
value (l) for the process. This technique maintains a running statistic, the cumulative sums (CSs) of deviations, by
obtaining the difference of every observation to the
expected value. If CS is approximately 0, there is no change
in the time series. A time series is flagged as change if CS is
greater than a user-specified threshold. The CS with high
positive or low negative value, respectively, implies
increase or decrease in the mean value of vegetation.
For land cover change detection, Kucera and his team
[13] proposed a robust method to compute the change score
for CUSUM technique. In this technique, the expected
value l is calculated by taking the mean of all observations.
Subsequently, cumulative sums, Si , are computed; later its
maximum (Smax ) and minimum (Smin ) values are found [14].
Then the Sdiff is computed as Sdiff ¼ ðSmax  Smin Þ=2. To
determine the confidence of Sdiff , a bootstrap procedure is
employed, which determines explicitly the degree to which
such a score can occur by chance. The Sdiff b is obtained by
randomly reordering the input data in the bootstrap procedure. The confidence level computed by number of Sdiff
will be substantially higher than Sdiff b , when the input data
are reordered over time (N), i.e. jSdiff [ Sdiff b j=N. On the
other hand, there will be no substantial conflicts between
these two differences, i.e., CUSUM charts for original and
bootstrapped time series will look similar, if the time series
is stable over time [2].
Boriah and his team [15] altered the basic CUSUM
algorithm and it is called as CUSUM MEAN. The time
series for each location is processed by the CUSUM MEAN
algorithm as follows.
Step 1. The algorithm has an expected value, set as incontrol mean l, which is computed by taking the average
of the first annual cycle of the time series.
P12
t¼1 At
l
12
where At is the EVI value at time step t.
Step 2. The CUSUM, CSi for each time step present in
time series is computed as follows:
initialize, CS0
0
CSi
CSi1 þ ðAt  lÞ
where both i and t vary from 1 to t.
Step 3. CSmin and CSmax values are calculated from the
CUSUM series. The CSmin and CSmax are minimum and
maximum CUSUM values, respectively, in the CUSUM
series:
CSmin

minðCSi Þ

CSmax

maxðCSi Þ:

Step 4. If the absolute value of CSmax is greater than the
absolute value of CSmin , then set CSmax value as change
score and the resultant change type as positive. Otherwise,
set the CSmin value as change score and the resultant
change type as negative.
The CUSUM-based techniques are used for detecting
small and gradual changes. The CUSUM technique is fast
because of simple methods of score calculation; also, it is
highly scalable. It also detects the time of change close to
the actual change with accuracy up to the temporal resolution of the input data set.
The algorithm is highly sensitive to noise and missing
data. Multiple changes occurring in time series are not
detected by this technique; it also has inability in detecting
changes in both directions simultaneously. This method
does not provide the period of time change. The algorithm
is sensitive to small pattern changes in the periodic cycle
that do not represent real changes.
The computational complexity and storage requirement
of the CUSUM MEAN are O(Nt) and O(N), respectively
[2]. There are N locations and computational time for a
single location is O(t).

3.3 Clustering-based land cover change detection
Boriah and his team [16] and C. Potter and his team [17]
used the k-mean algorithm [18] to cluster the 250-m EVI
time series to produce five number of distinct clusters with
centroids. For the land cover change detection problem,
Boriah and his team [16] discussed two clustering-based
techniques on EVI data, one is the Distance to Cluster
Centroid and another is the Confidence Intervals Around
Cluster Centroids. The Distance to Cluster Centroid
scheme is based on the assumption that if the majority of
time series in a data set does not exhibit a change, at that
time some outliers in such a data set will be change points.
The method proceeds as follows: the points are first clustered in k major classes. Subsequently the L1 (Manhattan)
distance is computed from each point to its nearest centroid.
Finally, the outliers are extracted based on this distance.
Since clustering is the central component of this scheme,
the results quality normally depends on the clustering
quality. The Confidence Intervals Around Cluster Centroids
is based on the assumption that most of the data can be
grouped into well-defined clusters and that the majority of
data does not exhibit a change. The method proceeds as
follows: the data (the time series for location) are clustered
into k major classes. Further, for each cluster, the confidence interval is constructed by an upper and lower limit
based, respectively, on the 5th and 95th percentile from the
cluster centroid. The numerical score is assigned to a
location by counting the number of data points (months)
that lie outside the interval. Data points are characterized as
change points (or outliers) based on their relationship to the
confidence intervals. Among the outliers, a data point with
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high value is considered as change point of the time series.
The time series for each location is processed as follows.
Step 1. Randomly select the k points (time series) as initial
centroids of k-cluster from data set D.
Step 2. Compute the L1 (Manhattan) distance of each
point in the data set from each of the centroids and assign
each point to its closest centroid.
Step 3. Recompute the centroids of each cluster by
calculating the means of the attribute values of the points
present in each cluster.
Step 4. Repeat steps 2 and 3 until the centroids do not
change or change very little.
Step 5. For each cluster, confidence interval is constructed
by an upper and lower limit based, respectively, on the 5th
and 95th percentile from the cluster centroid.
Step 6. The score is assigned to a location by counting the
number of data points (months) lies outside the interval.
Salmon and his team [19] proposed an automated change
detection algorithm for MODIS 8 days composite surface
reflectance data. A subsequence xp ðtÞ was selected using
temporal sliding window techniques from a given time
series data x(t) of length N. Later, Fast Fourier Transform
(FFT) of xp ðtÞ was computed, i.e., Xp ðf Þ ¼ jFðxp ðtÞÞj,
which decomposes the time sequence values into components of different frequencies with phase offsets. Since the
time series xp ðtÞ was annually periodic, this was translated
into frequency components in the frequency spectrum,
which have fixed positions. It reduced the number of features needed to represent the feature space and thus reduced
the dimensionality. Later, three different clustering techniques were applied: Ward [20], K-mean [18] and Expectation - Maximization (EM) [21] on these extracted
features, Xp ðf Þ. Land cover change is declared when consecutive subsequences that are extracted from one MODIS
time series transitions from one cluster to another cluster
remains in the newly assigned cluster for the rest of the
time series [19].
One of the strengths of this scheme is that it is robust to
noisy observations that are interspersed throughout the time
series. The drawback of the distance to centroid scheme is
that there is a heavy dependence on the cluster quality. If
there is a group of points that have similar time series but
are not in a cluster by themselves, then these points may be
discovered as change points. This algorithm has high
computational complexity, primarily because the initial
cluster/model generation step is typically a difficult step. In
addition, the clusters must be fine-tuned with a post-processing step to ensure that noise clusters are removed. This
algorithm did not explore the seasonality components in the
data.
The computational complexity of the K-mean algorithm
is O(KNT), the total number of operations for an iteration.
Assuming that the algorithm converges after I iterations,
the total number of operations for the algorithm is
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O(IKNT). The storage required is OððN þ KÞTÞ, where N is
the number of locations and T is the length of the time
series in data set D.

3.4 Recursive Merging algorithm
Boriah and his team [22, 23] proposed a segmentationbased algorithm, which splits up the time series into two
pieces and each is called as a segment. The two segments
separated by common boundary is called the change point,
which provides the time of change. In order to detect land
cover change of a particular location, this algorithm
employs seasonality. At a particular location, if the seasonal cycle is very similar between two consecutive years
in the time series, the change score is nearly 0 and there is
no change in land location; otherwise, based on the degree
of the seasonal difference, the change score is assigned. The
Recursive Merging algorithm is based on bottom-up
approach [10]. This algorithm proceeds by merging the two
annual segments, which are similar as well as consecutive
in time. The merging cost has been calculated by computing the Manhattan distance between the corresponding
months in annual segments. The central idea of this algorithm is that similar annual cycles that are consecutive in
time present in the time series are merged and then merging
cost is calculated recursively. The maximum value of final
merging cost corresponding to change occurs in the time
series and vice-versa. The details of the processing of each
time series are as follows.
Step 1. Let aj be the list of annual cycles, which varies
from 1 to y, such that the list of annual cycles is
a1 ; a2 ; . . .; ay , where aj ¼ AðtSþ1Þ;...;t , At is the EVI value
at time step t; here, t ¼ 12j and S ¼ 12. This algorithm
first find outs annual distances between two consecutive
years, di , where i varies from 1 to y  1.
di

AðtSþ1Þ;...;t  Aðtþ1Þ;...;ðtþsÞ :

Step 2. Merge the two most similar annual cycles and
prepare the new list, aj with one less annual cycle. The
distance between two merged cycles has been stored. The
similarity is decided on consecutive annual cycles with
minimum distance. The similarity between two consecutive annual cycles can be found at the initial, middle and
end portions of the list. Suppose a1 and a2 are the two
most similar annual cycles in the initial portion of the list;
then, at the end of the step, form the new list with one less
2
element, fa1 þa
2 , a3 ; . . .; ay g, along with the distance,
ðA1;...;12  A13;...;24 Þ.
s1
Step 3. Recursively apply the steps 1 and 2 until one
element is left in the list. Finally, the distance score result
(sk ) is obtained, where k varies from 1 to y  1, such that
s
fs1 ; s2 ; . . .; sy1 g.
Step 4. Further, the change score (CS) is computed by
taking the ratio of scoremax to scoremin .
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scoremin

minðsÞ

scoremax
maxðsÞ
8 score
max
>
if scoremin 6¼ 0
<
scoremin
CS
scoremax
>
:
otherwise, here  6¼ 0:
scoremin þ 
The few advantages of the Recursive Merging algorithm
are its robustness to noisy data and missing value in the
data set. This technique also has the ability to handle large
global scale data set. Both sudden increase and decrease in
vegetation are detected by this approach. The seasonality
of data is taken into account by this algorithm, but it does
not consider the variability present in the data.
The limitation of this approach is its inability to accurately identify a change point and detect multiple change
points in time series. It also fails to explain the physical
interpretation of the assigned change scores. This algorithm
works only on temporal data and does not use spatial
information that is present in the data set, although the earth
science data sets exhibit significant spatio-temporal autocorrelation.
The computational complexity of the Recursive Merging
algorithm is O(Nt) (the cost of processing a single location
is t  12 and there are N locations). The storage requirement is O(N) [2, 22].

3.5 Yearly Delta algorithm
Yearly Delta algorithm (YD) is a predictive-model-based
approach and related to EWMA algorithm [24]. This
algorithm was initially proposed by Boriah [15] and used
by Mithal and his team [25, 26], which detects sudden
changes in vegetation due to events like fires, floods, etc.
YD uses a step function as the forgetting factor (k). Usually
k specifies the relative level of importance attached
between older observations and more recent observations.
Here YD algorithm pays equal importance to both recent
and older observation values. The algorithm predicts the
expected EVI values for each time step of future years and
then calculates the annual mean of the projected time series. The YD score for a location is assigned as the maximum difference between the annual mean of observed and
projected model. The change time is decided based on a
time step with the maximum score. The locations are
arranged in descending order on the basis of YD score.
Finally, certain numbers of the top ranked locations from
the order list are considered as changes, because the locations disturbed by the event (fires or floods) unusually have
a large EVI decrease from one year to the next. The time
series for each location is processed by the Yearly Delta
technique as follows.
Step 1. The model-based algorithm has a forgetting factor
k and expected value Z1 . The expected value can be

calculated by taking a short window (here initial 12
months) in observed time series.
k
Z1

0:5; 0\k  1
P12
t¼1 At
12

where At is EVI value at time step t in observed time
series. Here k is initialized as 0.5, which provides equal
importance to both recent and older observations.
Step 2. The projection model time series Z is built using
the At . Here, At is the EVI value at time step t present in
observed time series; t varies from 1 to n  12, where n is
the total number of time steps present in observed time
series. The projection time series is calculated as follows:
Ztþ1

ðkAtþ12 Þ þ ð1  kÞZt :

Step 3. The annual mean of observed time series is
calculated. Let aj be the annual mean and j vary from 2 to
y, such that, a1 ; a2 ; . . .; ay1 are the annual mean present in
the observed time series.
P
AtSþ1;...;t
aj1
12
where At is the EVI value at time step t, and here t ¼ 12j
and S ¼ 12.
Step 4. Similarly, annual mean of projection model time
series is calculated. Let Pj be the annual mean and j vary
from 1 to y  1, such that P1 ; P2 ; . . .; Py1 are the annual
mean present in the projection model time series.
P
ZtSþ1;...;t
Pj
12
where At is the EVI value at time step t, and here t ¼ 12j
and S ¼ 12.
Step 5. The deviation, dj is computed by taking the
difference between annual mean of observed and projected
model. Here, j varies from 1 to y  1.
dj

aj  P j :

Step 6. The change score CS is the maximum deviation
observed.
CS

maxðdj Þ:

The YD technique is robust to missing values and scalable to large data sets. Also, it detects the time of change
close to the actual change accurately, although to obtain the
most accurate time estimation, post-processing may be
required.
The restriction of the YD algorithm is its inability to
detect multiple changes and changes in both directions.
Furthermore, YD is sensitive to symmetric noise (noise that
is not primarily skewed in the positive or negative direction). In particular, when changes are being detected in both
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directions, the scheme can confuse high scores due to
tangible change or due to disturbance.
In YD algorithm, for N location, the computational
complexity is O(Nt) and the storage requirement is
O(N) [2].

3.6 Persistent-DELTA algorithm
Chamber and his team [27] proposed the Persistent-DELTA
or PDELTA approach to identify the gradual vegetation
change in time series data due to logging, insect infestation,
reforestation, etc. The main objective of the PDELTA
approach is to identify the window of maximum reliable
drop in a time series. The drop may be continuous or may
not be. In non-continuous drop, some amount of the intermittent rise can be allowed as long as a decreasing trend is
persistent as shown in figure 2. The reliability condition
decides the permissible intermittent rise during an extended
period of degradation. The approach is explained below in
detail.
Initially compute the Di by differencing two consecutive
annual
segments;
mathematically
Di ¼ Vti Sþ1;...;ti
 Vti þ1;...;ti þS , where Vti is value at time ti and S is the
number of time steps in a year. Then construct Di -series
(Delta-series) by composing of Di ’s, S  i  n  S, where n
is the number of time steps in the time series. The resultant
Di -series provides the drop relative to the previous year or
trend information in a time series, which is more robust to
seasonal variations and noisy outliers. Next compute a Cseries (Gamma-series, which is scaled by a factor of 0.07)
from D-series, with each time step represented by !i , using
the following transformation condition: if Di [ 0 then !i ¼
1 and if Di  0 then !i ¼ 1. In the C-series, the ith time
steps are considered as candidates for drop start, for which
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!i1 is  1 and !i is 1 (transition to 1) are denoted by bk .
Similarly, the ith time steps are considered as candidates for
drop end for which !i1 is 1 and !i is 1 (transition from
1) are denoted by ek . Here all k 2 1; . . .; K. Between every
bk and ek there is a decrease in EVI values (decreasing
trend), and between every ek and bkþ1 there is an increase in
EVI values (increasing trend). If a drop starts at bk , then an
intermediate rise occurs between every el and blþ1
(k  l\K). In order to ensure that the decreasing trend is
followed across these intermediate rises, at every el the
reliability condition test must be satisfied.
The reliability condition states that after the commencement of a drop at a time step bk , the rise occurring at a
certain time step el ðek  el \eK Þ would not be considered as
drop termination, if this rise does not exceed x% of the drop
that has already occurred. As soon as this condition fails, the
drop that began at time step bk is terminated at el . This
becomes a candidate drop window (cwp ) for time series T.
The same procedure is repeated for the remaining candidate
start time steps in the same time series to find the other
candidate drop windows(cwp ), where all p 2 1; . . .; K. Then
compute a score for each candidate window using Length of
the Drop Window or Total Loss in EVI. The maximum
scoring window is determined as the representative window
of the time series. The higher the score value, higher the
degree of change. It is presented in figure 2.
The approach is robust, scalable, identifies the periods of
change and easy to apply across different regions and
vegetation types. The main purpose of this approach is to
detect gradual changes; hence, it may not detect sudden
change in data. Different scoring mechanisms have been
proposed for this algorithm, but none of the scores assign a
statistical significance of the changes. The change events
that recover very fast may not be detected as well.

Figure 2. The top plot shows the original time series and the bottom plot shows the corresponding D-series as well as the C-series
scaled by a factor of 0.07 and the changed period (between vertical lines) [27].
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For a grid with M  N observations and time-series
length T, the time complexity of PDELTA is O(MNT) and
the space requirements of this approach are modest [28].

3.7 BFAST algorithm
The Breaks for Additive Seasonal and Trend (BFAST) is a
generic approach to detect long-term changes in satellite
image time series, proposed by Verbesselt and his team [29].
This technique decomposes a time series data into trend,
seasonal and remainder components, so that the intra-segment
models are similar, while inter-segment models are dissimilar.
A trend breakpoint is associated with segment boundaries.
BFAST iteratively estimates the trend and seasonal components and allows for an individual estimation of breakpoints in
the seasonal and the trend components. Sequential test
methods for detecting breakpoints (i.e., abrupt changes) in a
time series have been developed. These methods also allow
linear models to be fitted to sections of a time series, with
breakpoints at the times where the changes occur. The optimal
position of these breaks can be determined by minimizing the
residual sum of squares, and the optimal number of breaks can
be determined by minimizing Bayesian Information Criterion
(BIC). Before fitting the piecewise linear models and estimating the breakpoints, the ordinary least squares (OLS)
residual-based MOving SUM (MOSUM) test is used to
identify whether any breakpoints occur in the time series. As
output, BFAST provides the trend breakpoints and associated
trends, seasonal breakpoints and associated seasonal models,
and logical values indicating whether the time series considered changes in the seasonal or trend components.
The strength of BFAST is robustness against noise and
its ability to detect different types of changes such as
gradual, abrupt and phenological change. It also estimates
the date of change and finds multiple changes in time series.
BFAST can be applied to other NDVI/EVI time series data
such as hydrology, climatology and econometric data.
The major limitation of BFAST technique is positioning
the segment boundaries at the time step where regression
lines have best fit. This technique has high computational
complexity; hence, it is not scalable for the global data set.
Also, BFAST is unsuitable for highly variable time series,
where noise levels can falsify the ideal seasonal pattern.
BFAST also requires the minimum segment size and the
maximum number of breakpoints though they are not
mandatory. However, in the absence of these parameters,
BFAST is quite sensitive to noise and as a result breaks
even a single trend into multiple segments.

for emission of large amounts of thermal energy close to the
land surface. Thus, the authors consider both the EVI and AF
(Active Fire) data sets to identify fire events. AF is a basic
fire product designed to identify thermal anomalies from the
middle infrared spectral reflectance bands [31]. Forest fires
are often characterized by a sudden decrease in the EVI time
series and these drops may persist for a few years or for
several months. Hence, authors defined three different
scoring mechanisms: K-month Delta (KD), Local Instant
Drop (LID) and Near Drop (ND). KD is designed to score the
changes that persist for a long time (K months). It accounts
for the natural variability present in the vegetation, which is
specific to a particular region. LID scores the instant drop in
EVI to identify fires that recover too quickly to be captured
by the KD score. ND score reflects the real amount of drop in
EVI when a fire happens. Pixels that are present in AF data
set and satisfy one of these two scoring criteria, a high ND
score with a large KD score or a high ND score with a large
LID score, are considered as initial pixels (labelled as the
highest stratum) for forest fire events. Generally the fire
events corresponding to the same forest fire occur in close
proximity of space and time. To increase coverage, they
consider the 24 spatial neighbours in a 5  5 spatial grid
around the initial pixels, with a temporal constraint of being
within one time step from the change time of the initial fire
event and apply the same scoring mechanism used for
detecting initial forest fire events. The result representing
forest fire events is labelled as the middle stratum. The
included pixels in middle stratum have sharp fire characteristics of the EVI signal, but were not considered as initial
pixels because of the absence in AF data set. The lowest
stratum is generated by relaxing scoring criteria for similar
events using a spatial window around the other two strata.
The flow chart of fire mapping algorithm is shown in figure 3.
The forest fire mapping algorithm is unsupervised in
nature and has the potential to be used globally. Further,
this algorithm is highly robust to noise because one of its
primary inputs is AF data set.
The forest fire mapping algorithm may not work where
the vegetation rapidly recovers after a fire, the loss in
vegetation is insignificant or the vegetation has high natural
variability, with multiple fires in short succession. If a fire
polygon does not contain any pixel with an AF signal, then
this algorithm fails to detect the fire event.
This algorithm takes O(t) time to process for a single
location. Also, this algorithm takes O(M) time for searching
in the AF data set to create the highest stratum. The total
computational complexity of this algorithm for N locations
is O(MNt) and the storage requirement is O(N).

3.8 Forest fire mapping algorithm
Chen and his team [30] developed unsupervised spatiotemporal data mining methods for MODIS data to generate a
history of forest fires. Forest fires are often described by a
sudden decrease in the EVI time series and also responsible

3.9 Model-free segmentation algorithm
Garg and his team [32] presented a novel model-free segmentation-based change detection algorithm for detecting
land cover change in the EVI time series data. The locations
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where the change score is high. To maintain the inter-annual variability in each segment, the authors assume that
the change points occur no earlier than the end of second
year and no later than the second to last year. The algorithm
processes the time series as follows.

Figure 3. Flow chart for forest fires mapping [30].

with high change scores are more likely to have changed.
The key idea of this algorithm is to find two segments in a
given time series such that the intra-segment annual years
are similar and inter-segment annual years are different.
The similarity and differences between the annual years for
each segment can be expressed by cohesion and separation,
which is shown in figure 4. The cohesion value of a segment is calculated by taking the average of pairwise distance between each annual year present within a segment.
Cohesion (C) for the time series of a pixel is determined by
calculating the average of the cohesion value of both the
segments. High cohesion value means the intra-segment
year difference is high, which indicates high natural variability of the time series. The separation (S) between two
segments can be measured by the sum of the distance
between each annual years present in one segment to
annual years present in another segment. The separation
value indicates to what extent the segments are apart from
each other. The combination of cohesion and separation
values indicates the amount of change in the time series
with respect to the natural variation. The change score is the
maximum of the difference between separation and cohesion value. The change point of time series is a time step

Figure 4. A–E represent the five different years in a time series.
The two circles represent the two segments. The dark edges and
dotted lines represent, respectively, the cohesion and separations
between the segments [32].

Step 1. Calculate the Manhattan distance between each
annual segment from other present in the time series T and
store in a dissimilarity matrix M.
Step 2. Calculate the cohesion value Ci from segment 2 to
y  1. Here y is the total number of complete years present
in time series T.
Step 3. Calculate the separation value Si from segment 2 to
y  1. Here y is the total number of complete years
presents in time series T.
Step 4. Scorei ¼ Si  Ci .
Step 5. Repeat the steps 2-4.
Step 6. Change score CSi ¼ maxðScorei Þ.
The key advantages of this algorithm are computational
simplicity and efficiency. This algorithm takes into account
the inherent variability present in the remote sensing data
and can be applied globally for a variety of vegetation.
The main drawback of this algorithm is that it assumes
that only one pattern change occurs in the time series. If the
length of the time series is small, the calculations of
cohesion and separation values are straightforward, but it
becomes complicated as the length of the time series
increases. Also, this technique assumes that the pattern
changes occur at the yearly boundary, which is not always
true in the land cover change domain.
This algorithm takes O(t) time to process for a single
location. The total computational complexity of this algorithm for N locations is O(Nt) and the storage requirement
is O(N).

3.10 Recursive Search algorithm
Panigrahi and his team [2] proposed the Recursive Search
algorithm (RSA), which is a novel, simple and efficient
segmentation-based land cover change detection technique.
It detects the changes in time series and labels it with the
change type, i.e., sudden increase or decrease type. RSA
technique also detects the time of change depending on the
temporal resolution (each 16 days or monthly) present in
the time series. The central idea of the RSA technique is to
get two consecutive annual segments in the time series such
that the value at time step present within each annual
segment is very similar while the value at time step present
between the annual segment is significantly different. For
this, the RSA technique first calculates the difference
between each consecutive annual segment present in the
time series using city-block distance, which exploits the
seasonality of the time series data. The difference between
consecutive annual segments shows how one segment is
separated from the other. The RSA technique tries to find
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the consecutive annual segment difference with the maximum value and its index value by employing the two-way
searching method. This algorithm processes the time series
of each location as follows.
Step 1. Let u and v be the indices that, respectively, point
to the first and last annual segment in time series. Then it
finds the city-block distance between consecutive annual
segments from the start and end of time series, which is
stored in du and dv1 , respectively.
X
du
ðAð12ðu1Þþ1Þ;...;ð12uÞ  Aðð12uÞþ1Þ;...;ð12ðuþ1ÞÞ Þ
X
dv1
ðAð12ðv2Þþ1Þ;...;ð12ðv1ÞÞ  Aðð12ðv1Þþ1Þ;...;ð12vÞÞ Þ:
Step 2. This technique compares the first consecutive
annual segmentation difference value, du to last consecutive annual segmentation difference value, dv1 and the
largest difference value between the two is stored in
another variable S (initially S ¼ 0) and the corresponding
index of difference array (d) is stored in j.
Step 3. Repeat the steps 1 and 2 till it meets the stopping
criteria, which is dependent on whether the total number
of annual segments y present in the time series is odd (i.e.,
stop condition is (u [ mid & v\mid), here
mid ¼ ðy þ 1Þ=2) or even (i.e., stop condition is
(u  mid & v  mid); here, mid ¼ y=2).
Step 4. From the resultant consecutive annual segments,
the jth and ðj þ 1Þth elements represent unchanged and
changed segment, respectively, which is shown in figure 5. In the time series data, 1st to jth annual segments
follow a similar pattern, which is different from that of
ðj þ 1Þth annual segment.
Sdiff

Sorg  Savg

where Sorg is annual sum of EVI at ðj þ 1Þth segment and
Savg is annual sum of the month-wise EVI value average
(avg) of 1st to jth segments.
Step 5. The change score (CScore) and change type (CT)
for each location is computed from the value of Sdiff :

CT

CScore
absðSdiff Þ
8
then +ve type change;
>
< ifðSdiff [ 0Þ
elseif ðSdiff \0Þ then ve type change;
>
:
otherwise
nochange:

Step 6. To determine the change point or time of change,
the absolute values of Djðjþ1Þ and Dðjþ1Þðjþ2Þ are concatenated and stored in Yi .
Yi

½absðDjðjþ1Þ Þ; absðDðjþ1Þðjþ2Þ 

where Djðjþ1Þ is month-wise difference between jth and
ðj þ 1Þth annual segment. Dðjþ1Þðjþ2Þ is month-wise difference between ðj þ 1Þth and ðj þ 2Þth annual segment.
Step 7. The authors assume that the change point lies
before change segment; hence, they find the confidence of
first 12 values of the Y. This can be evaluated by checking
how many times an element Yi is greater than its next 12
elements such as Yiþ1 to Yiþ12 . When the confidence
percentage is greater than a certain user-defined threshold
(Th) value, the point with the highest differential value
(means highest Yi value) is designated as the change point.
The RSA technique finds sudden changes and identifies
the single most significant change in a time series. This
technique is robust to noise and scalable to large global
scale data set. Also, this technique detects the time of
change close to the actual change, which depends upon the
temporal resolution of input data set.

Figure 5. The RSA algorithm determines the change segment as well as change point [2].
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The RSA algorithm fails to detect any change if a change
event occurs during the first and last year of the time series
data. This method assumes and finds the change point
before the change segment, which may not be correct
always, because the change point may occur at the initial
time of the change segment.
The cost of processing by RSA algorithm for a single
location is t. There are N locations; hence, the time complexity of RSA is O(Nt). The storage requirements is
O(N) [2].

4. Empirical study
We have used the quantitative evaluation method to study
and realize the comparative performance of a few existing
land cover change detection algorithms. Here we have used
EVI data sets (MOD13Q1) of location, latitude
32:15940493
to
37:43440247
and
longitude
122:3595558 to 114:9427576 , from periods February
2000 to September 2015, which is downloaded from LP
DAAC [Available: https://www.lpdaac.usgs.gov/products/
modis_products_table].
Data pre-processing is performed by the following steps:
1. The biweekly data are converted to monthly data by
averaging (using a simple mean) the available data for
every month.
2. The MODIS data sets are tagged with a quality assurance
(QA) flag, which describes the atmospheric and sensor
conditions in which the measurements are taken. All the
measurements that are tagged to low quality are
removed.
3. Another filtering is performed by removing the EVI
value less than 0.1 and above 0.9, suggested by earth
science domain experts [23].
4. Then we discarded the locations that contain any missing
data. As a result, the data for a location is retained only if
the entire time series is available without any missing
values and no low quality data.
5. Furthermore, from the resultant data set, we have selected
manually 750 time series data for our experiments and
validation purposes, which is labeled as DS. The DS data
set consists of three different types, namely: 600 normal,
75 sudden increasing and 75 sudden decreasing time
series data. A sample of each type of time series present
in the DS data set is shown in figure 6.
In the DS data set, the length of the time series is 188,
which corresponds to 15 years and 8 months of monthly
data from February 2000 through September 2015. Here,
each value present in the time series corresponds to EVI
value of particular months. The normal type time series are
labelled as the unchanged class, whereas both sudden
increase and sudden decrease time series are labelled as
changed class.
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We used the standard evaluation metrics, i.e., precision,
recall, F-score and accuracy, to study the relative performance of land cover change detection algorithms, because
these metrics are often employed to measure the performance of algorithms in information retrieval, machine
learning and data mining [33, 34].
Let D be a data set with N time series and each time
series correspond to an exact location. The data set also
consists of true labels for each location, i.e., changed and
unchanged labels. Let M be the genuine numbers of changed labels (sudden increase and decrease time series) present in the data set, called as validation data. For each
location, the change detection algorithm computes and
assigns a score. Finally, the algorithm returns a list of N
change scores corresponding to N locations and each
change score represents the degree of change at a particular
location. Subsequently, the locations are ordered in the
descending order of their change score. The top n (normally
1  n  M) ranked locations present in the list are considered as change events and others are conceived as
unchanged. By counting the overlap with the validation
data, we work out true positives (TPn ), changes detected by
the scheme also present in the validation data; false positives (FPn ), changes found by the scheme but not in the
validation data; true negatives (TNn ), changes not found by
the scheme and also not present in the validation data and
false negatives (FNn ), changes noted in the validation data
but not found by the scheme, for each algorithm. The
precision, recall, F-score and accuracy can be defined
mathematically as follows:
precision ðpn Þ ¼

TPn
;
TPn þ FPn

TPn
; where M ¼ TPn þ FNn ;
M 

Precision  Recall
F-Score ðFÞ ¼ 2 
;
Precision þ Recall
TPn þ TNn
:
accuracy ¼
TPn þ FPn þ TNn þ FNn
recall ðrn Þ ¼

Precision is a measure of quality, whereas recall is a
measure of quantity. F-score is a measure of a test’s
accuracy. Accuracy presents the overall correctness of the
model.

4.1 Empirical results and discussion
The EVI time series data set DS is input to the Modified
Lunetta, CUSUM MEAN, Yearly Delta, Recursive Merging and RSA algorithms. Each of the algorithms returned
output as a list of change scores. The afore-discussed
algorithms consider that among the great coverage of
ground cover data, only a small region exhibits change. A
location is conceived as changed, when the change score of
that particular location is greater than some threshold value.
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Figure 6. Example of three types of time series data present in DS data set.

The threshold value has been determined from the histogram by selecting the score, when the change score frequency suddenly reduces. Figure 7 shows the histogram of
the change score obtained by RSA. From figure 7, the
threshold value for RSA is observed to be 22.5. Likewise,
we set the threshold value for the Modified Lunetta,
CUSUM MEAN, Yearly Delta and Recursive Merging
algorithms, which are 25, 23, 26 and 39.5, respectively, for
the DS data set. The validation result and performance of
the algorithms are presented in table 2.
Table 2 demonstrates the evaluation result of the DS data
set. The Modified Lunetta gives 25.2% wrong result,
causing very poor precision and recall, and gives an accuracy of 74.8%. The CUSUM MEAN and Yearly Delta
methods contain the same false negatives; as a result, both
algorithms provide quite similar recall values. However,
acceptable false positive of CUSUM MEAN algorithm
produced good precision percentages as compared with the
Yearly Delta algorithm. The accuracy of CUSUM MEAN
and Yearly Delta methods are 82.93% and 78.8%, respectively. The Recursive Merging and RSA have 19.3% and
4% false negative, respectively; hence, they have very good
precision and recall values. The Recursive Merging and

RSA provide an accuracy of 91.6% and 99.2%, respectively. Figure 8 shows a comparison of precision, recall, Fscore and accuracy of each discussed algorithm.
The algorithms were implemented through MATLABR2014a and the codes were executed on a desktop with the
following specifications: Intel(R) Core(TM) i5-4570M
CPU @3.2GHz, 8GB of RAM, 64-bit Microsoft Windows
8 operating system. For calculation of elapsed time, the
experiments were repeated ten times and the results averaged as presented in table 2. The elapsed time comparisons
of afore-discussed algorithms are shown in figure 9.
Figure 9 shows that the elapsed times of Modified
Lunetta, CUSUM MEAN, Yearly Delta and RSA are very
less as compared with that of Recursive Merging. The
elapsed time of Yearly Delta is greater than that of Modified Lunetta and CUSUM MEAN, because it uses time for
computation of the prediction model. In the analysis, we
found that the elapsed time of the CUSUM MEAN algorithm is less, due to its computational simplicity and ease of
implementation. The Modified Lunetta method elapsed
time is a little more due to more computation, i.e., calculation of z-score of the difference of annual sums. The
Recursive Merging technique spends more time on

Data mining algorithms for land cover change detection
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Figure 7. Histogram of change scores produced by the Recursive Search algorithm for DS data set.

Table 2. Evaluation result of DS data set.
Sl. no.
1
2
3
4
5

Technique

TPn

FNn

TNn

FPn

Modified Lunetta algorithm
CUMSUM MEAN algorithm
Yearly Delta algorithm
Recursive Merging algorithm
Recursive Search algorithm

46
65
65
121
144

104
85
85
29
6

515
557
526
566
600

85
43
74
34
0

Precision
0.3511
0.6019
0.4676
0.7806
1

Recall

F-score

Accuracy

Elapsed time (s)

0.3067
0.4333
0.43333
0.8067
0.96

0.3274
0.5039
0.4498
0.7934
0.9796

0.748
0.8293
0.788
0.916
0.992

0.9991608
0.6699521
1.2107509
6.7670502
1.9187361

Figure 8. Performance comparison of algorithms on DS data set.

searching similar annual segments in time series data;
hence, its elapsed time is more prominent than those of
other methods. The elapsed time for RSA is less than that of

the Recursive Merging, because RSA implements two-way
indexing technique to search the highest segment difference
in time series data, which reduces computation time. Also,
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Figure 9. Comparison of elapsed time of algorithms on DS data set.

elapsed time of RSA is higher than that of other methods,
because it not only provides the change score but also
detects the change types and change time.

5. Discussion
All the afore-discussed data mining approaches are capable
of handling massive data sets [2, 9, 15, 16, 22, 23, 27, 30,
32], which is one of the key requirements for global scale
land cover change studies. CUSUM MEAN primarily
detects changes in one direction, but by the distinctive
characteristics of this technique it is possible to find both
small and gradual shifts. The Lunetta technique finds
changes in both directions (means sudden increase and
reduction). The original Lunetta algorithm utilizes the
spatial information present in the data set, but the Lunetta
Mean algorithm does not consider the spatial information.
The CUSUM MEAN algorithm performs better than
Lunetta Mean and Yearly Delta. Recursive Merging is
likely to outperform in some aspects than the Yearly Delta
and CUSUM MEAN algorithms [23]. CUSUM MEAN and
Lunetta technique fail to address noise and missing values,
but the Yearly Delta algorithm performs well in the presence of missing values whereas it is sensitive to noise. The
Recursive Merging algorithm and RSA are robust to noisy
data and scalable to large data sets. Both the approaches
account for seasonality and variability in the time series
data, but in the presence of cyclic data, RSA technique
substantially outperforms [2]. Recursive Merging detects
change points at the boundaries between the segments,
which may or may not be accurate, whereas RSA determines the change point close to the actual change with
accuracy up to the temporal resolution using a confidence

test. The clustering techniques first discover the dominant
land cover patterns present in the data and then characterize
the changes in terms of clusters. Here, k-mean clustering
technique is used, but it is vulnerable to noisy data.
PDELTA is more robust in the presence of noise and
spurious changes. It detects changes that occur at a location
by gradually decreasing vegetation and it is also able to
quantify the magnitude of change in a time series. PDELTA
has the ability to identify a gradual increase in vegetation,
i.e., reforested area. The gradual increase in vegetation is
determined by just simply reversing VI time series before
applying the PDELTA algorithm [27]. BFAST, a generic
approach, enables detection of gradual, abrupt and phenological changes in time series. It iteratively estimates the
dates and number of changes in time series. BFAST is
robust against noise, and is not influenced by changes in
amplitude of the seasonal component. PDELTA performs
substantially better than BFAST [27]. The forest fire
mapping algorithm is an unsupervised spatio-temporal data
mining method that detects land cover change due to forest
fires and has the potential to be used globally. The forest
fire mapping framework is highly robust to noise because
one of its primary input is AF data set from MODIS. The
model-free segmentation algorithm has the ability to provide rapid, inexpensive, robust, scalable and precise
detection of land use change. This algorithm can be applied
globally and is able to detect single-change pattern such as
gradual or abrupt drops in the time series. It does not
address noise and missing values. A summary of aforediscussed land cover change detection algorithms is provided in table 3. In table 3, f(n), S, N, T and t represent time
complexity, space complexity, number of land locations,
number of time steps in time series and total number of
months present in the y complete years, respectively.

CUSUM
MEAN
Clusteringbased land
cover change
detection
Recursive
Merging
Yearly Delta

2

BFAST

Forest fire
mapping
algorithm

Model-free
segmentation
algorithm
Recursive
Search
algorithm

7

8

9

Single

Single

Single

Find consecutive annual segments Single
difference, then detects change
segment by searching from both
sides

Detects sudden
change only

Both sudden and
gradual

Segmentation approach

Single

Sudden change
detected (fire
events only).

Detects both
sudden and
gradual changes

Detect sudden
changes
Identify the
sudden change in
one direction
Detects gradual
change only

Detect sudden
change (both gain
and loss in
vegetation)
Detect both small
and gradual shifts
Both sudden and
gradual changes
detected

Type of change
detected

Unsupervised spatio-temporal data Single
mining methods

Find consecutive annual segments Single
difference, followed by
conditional transition (C-series)
Based on additive decomposition Multiple
model approach

Predictive-model-based approach
related to EWMA

Segmentation-based approach

Same as cumulative sum approach Single
used in control system
K-mean clustering approach
Multiple

First-order differencing of annual
sum followed by z-score
normalization approach

Approach

Number
of
changes

Robust to the presence of
noisy and missing values
Performs well with
missing values, but is
sensitive to noise
Robust in the presence of
noise and spurious
changes
Robust against noise, and
is not influenced by
changes in seasonal
component
Highly robust to noise,
because one of its
primary inputs is Active
Fire (AF)
Does not address noisy
and missing values

f ðnÞ ¼ OðNtÞ,
S ¼ OðNÞ
f ðnÞ ¼ OðNtÞ,
S ¼ OðNÞ

f ðnÞ ¼ OðNtÞ
S ¼ OðNÞ

f ðnÞ ¼ OðNtÞ
S ¼ OðNÞ

f ðnÞ ¼ OðMNtÞ,
S ¼ OðNÞ

**

Does not make use of spatial
information

Use of spatial information

Does not use spatial information and
computationally expensive

Does not make use of spatial
information and variability of data
The scheme can confuse high scores
due to real change or due to noise;
also, does not use spatial information
Does not use spatial information

Original Lunetta algorithm uses
spatial information but Modified
Lunetta does not make use of spatial
information
Detects changes in one direction and
does not use spatial information
The resultant clusters are spatially
separated but did not explore the
seasonality components in data

Remarks

Robust in the presence of Does not use spatial information; it
finds the time of change.
cyclic data, noise and
spurious changes

Does not address noisy
and missing values
Robust to noise that is
interspersed throughout
the time series

f ðnÞ ¼ OðNtÞ,
S ¼ OðNÞ
f ðnÞ ¼ OðIKNTÞ
S ¼ OððN þ KÞTÞ

f ðnÞ ¼ OðMNTÞ,
S = Modest

Does not address noisy
and missing values

Robustness to noise

f ðnÞ ¼ OðNtÞ
S ¼ OðNÞ

Time (f(n)) and
space
(S) complexity

**The BFAST is a state of art algorithm, which is a package for R; hence, we are effete to find the complexity of the same

10

PersistentDELTA

6

5

4

3

Modified
Lunetta

Algorithm

1

Sl.
no.

Table 3. Summary of algorithms used for land change detection.
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6. Conclusion
In this paper, we have reviewed the most popular data
mining algorithms, which detect the land cover change by
detecting the sudden change and/or gradual change in the
vegetation index time series data set. Most of the algorithms have been implemented [2] and the advantages and
limitations have been experimentally observed. An empirical study of some existing land cover change detection
algorithms and results has been presented in this paper. The
empirical study shows that the RSA technique performs
better than Modified Lunetta, CUSUM MEAN, Yearly
Delta and Recursive Merging algorithms. The data mining
technique has emerged as an ultimate data-driven technique
[35] to find the change detection in EVI/NDVI time series
data because it is scalable, robust to noise and missing data
and
has
nominal
computational
requirements
[2, 9, 15, 16, 22, 23, 27, 30, 32]. The spatial information
present in the EVI data set has not been used in many of the
afore-discussed data mining techniques. Earth Science data
sets exhibit significant spatio-temporal auto-correlation
[22, 36, 37], i.e., measured values that are close in time and
space tend to be highly correlated, or similar. The use of
spatial information can be expected to give better performance than existing data mining techniques [38, 39]. In the
future works, we will propose a data mining approach for
land cover change detection utilizing the spatial information present in vegetation index time series data.
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