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A Sub-Pixel Multiple Change Detection Approach for Hyperspectral Imagery

Mahdi Hasanlou , Seyd Teymoor Seydi , and Reza Shah-Hosseini

School of Surveying and Geospatial Engineering, College of Engineering, University of Tehran, Tehran, Iran

ABSTRACT
One of the most important applications of remote sensing is change detection (CD). The
accurate detection of changes is of great significance for the optimal management of avail-
able resources. This article presents an unsupervised ‘multiple-change detection’ method
using multi-temporal hyperspectral imaging based on the integration of an unmixing tech-
nique, multi-resolution segmentation, similarity measure methods, and the Otsu algorithm.
The proposed method is presented in the context of two main scenarios: the first scenario
is hyperspectral change detection (HSCD) at the sub-pixel level with no ancillary data; and
the second is the HSCD at the sub-pixel level based on ancillary data (high-resolution pan-
chromatic (PAN) data). The main advantages of the proposed method are that it is unsuper-
vised, easy to use, providing ‘multiple-change’ maps at the sub-pixel level with high
accuracy. To evaluate the performance of the proposed method, real bi-temporal hyperspec-
tral Hyperion images and high spatial resolution of PAN data belonging to the Advanced
Land Imager (ALI) sensor with a variety of land cover classes were used. The results show
the overall accuracy improved by >5%, and kappa coefficient improved by >0.13 with
respect to the results obtained from their original resolution.

R�ESUM�E
L’une des applications les plus importantes de la t�el�ed�etection est la d�etection des change-
ments. La d�etection pr�ecise des changements est indispensable pour la gestion optimale
des ressources naturelles. Cet article pr�esente une m�ethode de d�etection de changements
multiples non supervis�ee utilisant des images hyperspectrales multi-temporelles. La
m�ethode est bas�ee sur l’int�egration d’une technique de s�eparation spectrale, d’une segmen-
tation multi-r�esolution, de mesures de similarit�e et de l’algorithme d’Otsu. Nous avons
�evalu�e l’efficacit�e de cette m�ethode dans le contexte de deux sc�enarios diff�erents: le prem-
ier est la d�etection de changements au niveau sous-pixel sans aucune donn�ee auxiliaire,
tandis que le deuxi�eme est bas�e sur des donn�ees auxiliaires (donn�ees panchromatiques
haute r�esolution). Les principaux avantages de la m�ethode propos�ee est qu’elle est non
supervis�ee, simple d’utilisation et qu’elle produit des cartes de changements multiples au
niveau des sous-pixels avec une grande pr�ecision. Pour �evaluer les performances de la
m�ethode propos�ee, nous avons utilis�e des images hyperspectrales bi-temporelles r�eelles
d’Hyperion et des images panchromatiques �a haute r�esolution spatiale provenant du cap-
teur ALI avec diverses classes de couverture du sol. Les r�esultats ont montr�e que la
m�ethode propos�ee permet d’am�eliorer la pr�ecision globale de plus de 5% et le coefficient
de kappa de plus de 0,13 par rapport aux r�esultats �a leur r�esolution initiale.
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Introduction

Hyperspectral sensors capture data from of Earth via
hundreds of spectral bands and provide spectral infor-
mation to detect objects with further details (Ad~ao
et al. 2017; Chang 2007). Over the past decades,
hyperspectral imagery has been widely used in remote
sensing processes (Van Cleemput et al. 2018), includ-
ing change detection (L�opez-Fandi~no et al. 2017;
Marinelli et al. 2017; Seydi and Hasanlou 2017),

classification (Gan et al. 2018; J. Li et al. 2018; Y. Liu
et al. 2018), target detection (Li and Zhang 2018; Xue
et al. 2017), disaster assessment (Shah-Hosseini et al.
2017), and anomaly detection (Qu et al. 2018; Wang
et al. 2018). In a single observation, the traditional
multispectral sensors collect data in specific wave-
lengths via a few spectral bands of the electro-mag-
netic spectrum (EMS) (Liu 2015; Seydi and Hasanlou
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2017). The small window of spectral bands is consid-
ered as one of the main disadvantage of multispectral
sensors since some objects reveal the same spectral
behavior as other objects in coarser bandwidths col-
lected by multispectral sensors (Seydi and Hasanlou
2017). This decreases the object identification and
thus reduces accuracy so that the spectral information
offered by multispectral data is not specifically elabo-
rated. Thanks to the finer spectral resolution, hyper-
spectral imagery offers more detailed and rich
information, allowing the separation of even extremely
similar targets. More importantly, a series of space-
borne sensors (e.g., EnMAP, PRISMA, and HyspIRI)
are launched on a schedule that not only increases the
availability of hyperspectral imagery but also improves
data quality (Liu 2015). Thus, the enhanced availabil-
ity of hyperspectral data and high power of spectral
resolution identification for objects as well as further
details result in a higher accuracy which subsequently
promotes the efficiency of most applications, espe-
cially in change detection (CD) analysis (Hasanlou
and Seydi 2018a; Seydi and Hasanlou 2017; Wu et al.
2013). The CD and classification results show that
hyperspectral imagery has a higher detection potential
than conventional multispectral imagery (Wu et al.
2013). CD is a process that detects changes among
phenomena at the same geographical area over differ-
ent times (Singh 1989). This method, at both local
and global scales, is an essential tool for disaster man-
agement and natural resource monitoring.

Although hyperspectral images provide more details
about the objects, the detection of changes in these
images is a complex task requiring the use of special
techniques (Liu 2015). The CD results are generally
available in two forms, either a binary change map
(BCM) or a ‘multiple-change’ map (MCM). A BCM
defines change or no-change areas by labeling them as
0 or 1 in the output data; it does not provide informa-
tion about the nature of the changes or more details
about changes. It only specifies whether or not there
has been a change in a given area. An MCM, on the
other hand, provides further details about the nature
of changes and it performs the labeling procedures by
separating changes into different classes (Liu et al.
2016). Some traditional CD methods only discuss
BCMs and present no information on MCMs. Over
the past years, however, there has been a growing
interest in the remote-sensing community to analyze
multi-temporal hyperspectral datasets for CD (Ert€urk
et al. 2017; Liu et al. 2016; Seydi and Hasanlou 2017;
Wu et al. 2017).

Hyperspectral change detection (HSCD) methods
can be divided into 5 groups as follows (Hussain et al.
2013; Hasanlou and Seydi 2018a; Singh 1989):

1. Math-based methods which use simple math
operators for CDs such as image differencing
(ID), image ratio (IR), spectral angle mapper
(SAM), and Euclidian distance (EU) (Seydi
andHasanlou 2017). To incorporate these meth-
ods, a challenge is to select an optimum thresh-
old. In fact, there are some statistical and
unsupervised based threshold selection methods;
however, these methods need to clear the histo-
gram of change and no-change classes. The most
common output of these methods is a BCM.

2. Transformation-based (TB) methods which are
based on a second-order or high-order operator.
The TB methods mainly aim at transforming data
from image space to a new space, creating cube
data using components based on statistical prop-
erties such as variance and correlation (Eismann
et al. 2008). Some examples of these methods are
principal component analysis (PCA), independent
component analysis (ICA), cross-covariance (CC),
and unmixing-based (UM) method. These groups
are scene-dependent, indicating that the CD
results from different times are often difficult to
interpret and label. The challenging task in these
methods is to select the threshold. Furthermore,
these methods ignore the physical meaning of the
hyperspectral dataset.

3. Post-classification-based (PCB) methods are based
on the individual classification of each multi-tem-
poral datum and subsequent comparison of the
classification map to produce the change map
(Wang et al. 2018; Wu et al. 2017). Common
PCB classifier methods include support vector
machine (SVM), spectral angle mapper (SAM)
classifier, K-nearest neighbor (KNN), fuzzy c-
means (FCM), and iterative self-organizing data
analysis technique (ISODATA). These methods
are time-consuming, and their ultimate accuracy
depends on the quality of the classification map
for each datum. Furthermore, most of the super-
vised methods in this group require training data,
even though, the quality and quantity of training
data is a big challenge. Additionally, these meth-
ods are noise sensitive.

4. Direct-classification-based (DCB) methods are
based on the classification of stacking multi-tem-
poral datasets using a classifier (Hussain et al.
2013). Common classifier methods for DCB
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methods are SVM, KNN, FCM, and ISODATA.
The supervised methods require training data in
their procedures. In this regard, the collection of
the training data is the most challenging and
time-consuming section of each supervised
method. On the other hand, the initial parameters
of an unsupervised classifier, e.g., the number of
classes, is a big problem with these methods. Due
to the high dimensionality of stacking hyperspec-
tral datasets, dimension reduction techniques are
inevitable in such procedures.

5. Hybrid-based methods use a combination of other
change detection methods (Liu et al. 2016; Marpu
et al. 2011; Yuan et al. 2015). These methods usu-
ally have an unsupervised framework and require
prior knowledge for estimating the parameters of
the CD framework.

The last method refers to a type of HSCD tech-
nique. In general, CD methods using hyperspectral
imagery face a large number of challenges (Ghamisi
et al. 2017; Hasanlou and Seydi 2018a; Liu et al. 2016;
Shahhosseini et al. 2015): (1) high-dimensional hyper-
spectral images are complicated data, a majority of
which is not informative with regard to data redun-
dancy, and consequently a special technique is of
essence for processing these images; (2) noisy spectral
bands and variable atmospheric conditions affect the
CD; (3) training data and a suitable threshold are
among the most challenging conditions for supervised
methods, while prior knowledge and estimation param-
eters are required for unsupervised methods; (4) due to
the high spectral information content of the hyperspec-
tral images, extraction of ‘fromto’ information and
‘MCM’ is difficult; (5) low accuracy and/or high false
alarm rates are present in some methods; and (6) since
the decision-level of HSCD methods is at the pixel
level, more detailed changes require a method operat-
ing at the sub-pixel level. The last point was the focus
of the present study, which proposed a novel HSCD
method based on a spectral unmixing procedure to
improve the spatial resolution of the hyperspectral
images using an unsupervised framework.

Due to some limitations, such as sensor design
technology, it is impossible to improve the spatial and
spectral resolution of acquired images simultaneously.
Consequently, the identification of the ground objects
with a smaller size than the spatial resolution of the
hyperspectral imagery is an extremely complex pro-
cess. The sub-pixel information is commonly obtained
through two main procedures: pan-sharpening (PS)
methods, and unmixing techniques (Choi et al. 2012;

Ert€urk et al. 2017; Ghamisi et al. 2017; Liu et al. 2016;
Mei et al. 2018; Villa et al. 2011). The PS techniques
could improve spatial resolution at the pixel level;
however, they pose several limitations: (1) they require
the panchromatic (PAN) and hyperspectral images to
cover the same wavelength region, and this is not
completely valid for many sensors (Zhu et al. 2016);
(2) registration errors affect the quality of PS fusion
methods, since the datasets belong to different sen-
sors; and (3) when using the PS techniques, the data
volume significantly increases, leading to a difficult
and time-consuming process, especially for the CD
application for multi-temporal datasets; (4) the PS
techniques applied only on the same wavelength
region for both PAN and hyperspectral datasets; con-
sequently not all of the spectral bands are used from
hyperspectral imagery; however, in the unmixing
methods, all of the spectral bands are used from
hyperspectral imagery; (5) due to the different effi-
ciency of the PS techniques, the selection of suitable
methods might pose a big challenge.

Although many modern methods are introduced
based on spectral unmixing, the proposed method has
different aspects and provides information about the
specified changes. Most of the recent methods have
been facing a lot of challenges as follows: (1) these
methods provide no spatial distributions of changes;
(2) threshold selection and spectral library are of
essence; (3) these methods only focus on spectral
information and ignore HSCD spatial information;
and (4) although the recent methods are based on
spectral unmixing, the final change map is not in sub-
pixel mode yet. In other words, the methods provide
no enhanced spatial resolution on the final change
map. As a result, developing a framework for HSCD
to achieve more reliable results and to minimize the
aforementioned problems is still an open challenge.

The main objective of this study was to provide a
framework for hyperspectral sub-pixel ‘multiple-
change detection’ (HSPMCD) with the following fea-
tures: (1) improving the spatial resolution of the out-
put change map by integrating the spectral unmixing
technique and ancillary data; (2) providing ‘multiple-
change’ information; (3) having completely unsuper-
vised procedures; (4) minimizing the registration error
affecting the change map results, while some existing
CD method ignored this error and presented unreli-
able results; (5) having a simultaneous use of both
spatial and spectral information of hyperspectral data,
while some existing CD methods ignored this valuable
information; and (6) having the potential to extract
changes from more than two hyperspectral datasets,
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while many CD methods are implemented on a cou-
ple of image datasets such as PCB methods.

Methodology

Proposed HSPMCD method

The proposed HSPMCD method could be applied in
two main scenarios: (1) HSPMCD with no ancillary
dataset; and (2) HSPMCD with high-resolution PAN
data. The first scenario is applied when we have no
access to a high-resolution dataset. The second scen-
ario is suitable when high-resolution data are available
(both high resolution and hyperspectral dataset must
be available). The previous section briefly addressed
the challenges and limitation of the existing HSCD
methods. Hence, we proposed a novel HSCD method
based on the spectral unmixing to solve the problems.
The proposed method focuses on the MCM and
obtains the sub-pixel change map. Moreover, the per-
formance of the proposed method was considered
using the reference dataset.

First scenario: HSPMCD with no ancillary dataset
According to Figure 1, the proposed method is used
through four main steps after pre-processing: (1)
stacking multi-temporal dataset and dividing it into
many parts; (2) spectral unmixing by estimating and
extracting endmembers and estimating the abundance
map using the mentioned algorithms, separating mix
and pure pixels; (3) determining the change and no-
change endmembers and classifying them; and (4)
enhancing the spatial resolution of the hyperspectral
image and producing final MCM.

Step 1: Stacking dataset and dividing it into many
patches. After registration of the hyperspectral
images, all multi-temporal images were stacked
together and then divided into many patches. The
main advantage of stacking in the proposed method is
to allow the possibility of data analysis in a time series
using a single process. Furthermore, the main pur-
poses of division are as follows: (1) some objects only
exist in region of interest so that the relevant end-
members do not need to compete in the unmixing

Figure 1. An overview of the proposed method for the first scenario.
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process of entire dataset, thus accelerating the unmix-
ing procedure; (2) spectral signature properties of
objects are different due to various atmospheric con-
ditions; as such the division of the images into patches
could minimize these effects. The varying atmospheric
conditions affect the reflectance; thus, the same end-
members for one object in a scenario are different in
different areas. This issue directly affects the abun-
dance map and consequently, the HSCD results would
be no longer reliable. Then the spectral unmixing pro-
cedure was applied to each patch. In the stacked data-
set, no-change pixels have the same spectral signatures
in the multi-temporal dataset, while change pixels
have spectral features that are significantly different
from their spectral signatures.

Step 2: Separating mix and pure pixels. Spectral
unmixing is applied via three processes in the unsuper-
vised framework: (1) estimating the number of
endmembers by applying the GENE-AH algorithm
(Ambikapathi et al. 2013); (2) extracting endmembers
using the N-Finder algorithm (Winter 1999); and (3)
estimating abundance vectors obtained through solving
the fully constrained least squares (FCLS) problem
(Chouzenoux et al. 2014; Wang et al. 2013). Afterward,
all of the pixels are divided into two main groups using
the threshold selection: pure pixel and mixed pixel. If
the highest pixel value in the abundance vector is
below the concerned threshold, it will be a mixed pixel;
otherwise, it will be considered as a pure pixel.

Step 3: Classifying endmembers. This step mainly
aimed to classify the endmember belonging to the
same object in different patches and to discriminate
the change endmembers from no-change ones. With
using the spectral unmixing method, the change pixels
were separated from no-change pixels. In most of the
HSCD methods based on spectral unmixing, the final
change map is obtained from an optimum threshold
in abundance map, while the proposed method needs
no such an optimum threshold in the abundance

map. For this purpose, different types of endmember
containing changed or no-changed endmembers that
applied based on the EU and Otsu algorithms should
be specified. Figure 2 presents the endmember isola-
tion procedure for the two classes.

All endmembers in different patches were grouped
by using the SAM algorithm with a threshold setting
and then labeling each group. This threshold is
selected as a knowledge-based method. Figure 3
presents the schematic of this process.

Step 4: Labeling analysis and enhancing resolution.
This step focuses on obtaining final MCM based on
labeling analysis. The initial MCM obtained from
pure pixels is based on the pixel with the highest
abundance value and the corresponding label.
Afterward, the mixed pixels were used in the spatial
resolution enhancing algorithm (see below) and the
final MCM with the enhanced spatial resolution
was produced.

Second scenario: HSPMCD with an ancillary dataset
This scenario is similar to the first scenario in terms
of the result; however, it has many differences in
structure. This scenario used ancillary high spatial
resolution data to improve the performance and
accuracy of the sub-pixel HSCD. The first two steps
of the procedure were incorporated as before, and the
only difference was that the labeling process was per-
formed based on the ancillary dataset. Figure 4 shows
an overview of the proposed method in the
second scenario.

Step 1: Fraction extraction from hyperspectral data-
set. This process is similar to the first to the third
steps, even though the enhanced resolution was not
used in the fourth step. Instead, in addition to the
abundance value, mixed pixels were also considered as
inputs in the fourth step.

Figure 2. The procedure of classifying endmembers in two classes.
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Step 2: Fraction extraction from PAN dataset. The
fraction of PAN data obtained by a number of labels
is in the neighborhood of 3� 3 pixels. To this end,
many spatial features such as texture analysis features
(Gray-Level Co-Occurrence Matrix) are created in the
first step. The GLCM features include homogeneity,
mean, variance, contrast, dissimilarity, entropy, second
moment, and correlation. These parameters are
extracted in a 3� 3 window, with the size and co-
occurrence shift of one unit in both directions. In the
following steps, multi-resolution segmentation (MRS)
is applied on stacked layers containing spectral bands
and features such as GLCM matrices (Honeycutt and
Plotnick 2008). The main purpose of the segmentation

step was to find the fraction pixel of hyperspectral
data in the PAN dataset. This process was imple-
mented by counting the frequency of labels. Figure 5
presents an example of this process.

Step 3: Enhancing the spatial resolution of change
detection. In this step, the fraction image of the
hyperspectral dataset was compared with fraction
images of the PAN dataset using the EU algorithm.
An EU of 0 indicates that the fraction image of the
PAN and hyperspectral datasets match with each
other. If this is the case, the label of the hyperspectral
dataset is then replaced in the segmented PAN data-
set. If not, the scale and color parameters of the MRS

Figure 4. An overview of the proposed method in three steps in the second scenario.

Figure 3. The schematic procedure of endmembers classification by SAM algorithm.
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algorithm need to be shifted. This process continues
until the EU reaches 0.

Registration errors would cause mismatches
between the fraction image of the hyperspectral and
PAN datasets. To solve this problem, the fraction
image of the hyperspectral dataset is compared to the
fraction image of the PAN dataset with regard to the
neighborhood pixel of different parameters, until both
fraction images match. Additionally, the existence of
noise and systematic errors would also cause mis-
matches between fraction images of the hyperspectral
and PAN datasets. In this case, the label of the hyper-
spectral data is replaced with the minimum EU by
using the PAN data label.

The unmixing procedure

Most hyperspectral imagery has high spectral reso-
lution with low spatial resolution (Ert€urk et al. 2017;
Ghamisi et al. 2017). Furthermore, the complex diver-
sity of scenes may cause the spectrum gains in one
pixel of the hyperspectral image to be mixed with
some other material (Ert€urk et al. 2017; Xu and Shi
2017). Spectral unmixing is a process decomposing
each mixed pixel into a set of abundances of
pure endmembers.

Unmixing methods provide detailed information
about each pixel in the hyperspectral image in terms
of abundance while providing no information about
the spatial distribution at the sub-pixel level. The mix-
ing model for hyperspectral imagery based on physical
distribution space and mixed materials falls into two
categories (Guerra et al. 2015): (1) linear mixture
model; and (2) nonlinear mixture model. This study
used the linear mixture model for unmixing. In the
linear mixture model, the pixels of hyperspectral
images can be modeled in a linear combination of
endmember spectra weighted by their corresponding
fraction (Ghamisi et al. 2017; Guerra et al. 2015; Wu

et al. 2017). For each pixel in the hyperspectral image,
the linear mixture model can thus be expressed as
Equation 1:

Y ¼
XL
i¼1

aiX i ¼ AX þ n [1]

where, Y is the measured spectrum of a mixed pixel
with r bands, X is the spectral library with L spectral
signatures, A is the abundance vector with regards to
the library, and n is the error term. Linear spectral
unmixing is usually applied in three steps (Guerra
et al. 2015): (1) estimation of the number of endmem-
bers; (2) extraction of endmembers; and (3) abun-
dance fraction estimation.

For hyperspectral image unmixing, the estimation
of the number of endmembers and then the extraction
of the related endmembers are of the essence. After
estimating the number of endmembers and extracting
them, abundance vector estimation can be initiated. In
our proposed method, this process is applied by using
the most common methods in hyperspectral unmix-
ing. In the first step, the number of endmembers is
estimated using the geometry-based affine hull
(GENE-AH) method (Ambikapathi et al. 2013). The
GENE-AH method is on the basis of the fact that all
of the observed vectors lie in the affine hull of the
endmember signatures (Ambikapathi et al. 2013). The
algorithm estimating the number of endmembers uses
the Neman-Pearson hypothesis testing strategy. In the
second step, the endmembers are extracted using the
N-Finder method (Winter 1999). The N-Finder algo-
rithm is widely utilized in hyperspectral unmixing for
endmember extraction. This method works through
three stages: (1) it randomly selects image pixels as
the initial endmembers; (2) it considers the remaining
pixels as new endmember candidates, counting them
as a new endmember only if they can increase the
simplex volume; (3) it is replicated until no alternative
pixel remains (Winter 1999). In the third step, the

Figure 5. The schematic procedure for calculating fraction high resolution based on MRS by counting number of labels.

CANADIAN JOURNAL OF REMOTE SENSING 7



abundance map is obtained by solving the FCLS prob-
lem, as demonstrated in Equation 2 (Chouzenoux
et al. 2014; Ghamisi et al. 2017; Wang et al. 2013):

minimize to : kY � Avk
subject to : ai � 0PL

i¼1 ai ¼ 1
[2]

Multi-resolution segmentation

The multi-resolution segmentation proposed by Baatz
and Schaepe (2010) is one of the most powerful tools
used to segment the remote sensing images (Jozdani
et al. 2018). It is regarded as a region-based method,
and is a bottom–up region merging process. First,
each pixel is investigated as a separate object. Then
pairs of objects are merged to form bigger segments
based on a local homogeneity criterion (a combination
of color or shape properties), describing the similarity
between adjacent image objects (Baatz and Schaepe
2010). This process continues as long as the least
increased homogeneity is below the threshold (Baatz
and Schaepe 2010).

Enhancing spatial resolution

The spectral unmixing process provides information
about objects in the scene at the sub-pixel level. This
information can be expressed as a proportion of the
endmembers within the pixel; however, it provides no
distribution of spatial information. Since the spatial
location of the objects within pixels is unknown, the
spectral unmixing does not enhance the spatial reso-
lution of this pixel. Recently, many researchers have
conducted studies on enhancing the spatial resolution
of the hyperspectral images in classification applica-
tions (Guo et al. 2009; Villa et al. 2011; Wu et al.
2017). Such investigations are based on spectral
unmixing and a label finder in a neighborhood based
on estimated abundance vectors. In this article, we
used modified inverse distance weighting (MIDW) to
enhance spatial resolution based on abundance vec-
tors. The inverse distance weighting (IDW) method is
a deterministic interpolation method, which is widely
used in many applications (Bartier and Keller 1996;
Lu and Wong 2008). The IDW method is based on
attribute values of any pair of points related to each
other; however, their similarity is indirectly correlated
with the distance between the two locations. The
MIDW method assigns a label to mixed pixels based
on the inverse spatial distance and interpolates the
intensity of a pixel based on neighbors that could
yield each value so that the MIDW works based on

the interpolation and assignment of a round integer
value equal to the label of one endmember. This
method is applied in five steps:

1. Filling the pure pixel based on the corresponding
label of endmembers (Figure 6a and 6b).

2. Determining the contribution of each endmember
based on Equation 3 (Figure 6c).

Nei ¼ round ai � J � Kð Þð Þ [3]

J (resolution in X) and K (resolution in Y) are
new resolutions for each pixel in the con-
cerned images.

3. Creating a neighbor (J�K) for each mixed pixel
and filling them based on the corresponding label
of endmembers in location randomly (Figure 6d).

4. Calculating the weight for each endmember in a
mixed pixel by using pure pixel labels located at a
N�M neighbor (Equatio 4):

Wei ¼
XN
j¼1

XM
j¼1

1
�
dj

� �
[4]

where, di is the geometric distance.
5. Finding location labels for other endmembers

based on calculating Nei and Wei for each end-
member. In other words, the remaining endmem-
bers have a score for each neighbor (J�K) and
a Nei . The location of the endmember label is
therefore determined based on the maximum
value of Wei by using Nei value (Figure 6e).

Otsu’s algorithm

The Otsu algorithm is a group thresholding algorithm
that automatically clusters the images. This approach
is to determine a threshold using the weight of the
variance within the minimum class value. The vari-
ance within the class as the variance of the total
weight of each class defines clusters (Hasanlou and
Seydi 2018b; Ng 2006; Otsu 1979). In this study, the
Otsu algorithm was applied to determine the nature
of endmembers in order to segregate change from no-
change classes.

Study area and datasets

We used hyperspectral datasets to evaluate the per-
formance of the proposed method, which were refer-
ence and benchmark datasets previously used in many
different research approaches (S. Liu 2015; Hasanlou
and Seydi 2018a). The incorporated hyperspectral
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datasets have been used in many hyperspectral change
detection research studies (Hasanlou and Seydi 2018a;
Liu 2015; Liu et al. 2016; Seydi and Hasanlou 2017).
The study area covers an irrigated agricultural field in
Hermiston City, Umatilla County, Oregon, USA.
These data were acquired on May 1, 2004, and May 8,
2007. The ground cover consisted of soil, irrigated
fields, river, building, type of cultivated land, and
grassland (Figure 7). One of the important factors
when assessing the result of HSCD methods is the
quality of the provided ground truth. Due to the high
sensitivity of the recent advanced HSCD methods, it
is necessary to utilize accurate reference datasets, as
incorrect ground truths cause confusing results. The
ground truth data are obtained based on visual ana-
lysis of ground truth map provided by a method pro-
posed in the literatures. The spatial resolution of the
ground truth is 10 m. The spectral resolution of the
hyperspectral dataset is 10 nm with 30 m spatial reso-
lution. The ground cover is 7.5 km. The size of the
hyperspectral dataset is 800� 1240 pixels, in 154 spec-
tral bands. Further, the ALI sensor datasets were used
as a high spatial resolution dataset.

The satellite Earth Observation-1 (EO-1) launched
a new mission from National Aeronautics and Space
Administration (NASA) on November 21, 2000. EO-1
carries two sensors: Hyperion, a hyperspectral sensor,
and the ALI, a multispectral sensor. Table 1 presents
the specifications of the sensors aboard EO-1.

Results

Pre-processing

This section covers a quantitative and qualitative
assessment of the proposed method. To this end, the
proposed method was considered in two scenarios.
Data pre-processing plays an important role before
the initiation of the main process. It can be divided
into two categories (Jafari and Lewis 2012): spectral
correction and spatial correction. We began pre-proc-
essing with spectral correction processing and applied
spatial correction in continuation. The first pre-proc-
essing step was to remove bands containing no data.
In our experiment, a total of 44 bands (1–7, 58–76,
and 225–242) were removed from the imagery (Datt
et al. 2003; Scheffler and Karrasch 2013). Additionally,

Figure 6. The main steps for spatial resolution enhancement.
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out of the 198 initial bands, two noisy bands (77 and
78), as well as a number of other bands, were
removed as well (Khurshid et al. 2006; Scheffler and
Karrasch 2013). The remaining 154 bands were used
as the input dataset for the proposed change detection
method. In the second pre-processing step, the pixels
in sample 129 and all lines were shifted to sample 256
in short-wave infrared (SWIR) spectral bands and reg-
istered the SWIR pixels with visible and near-infrared
(VNIR) pixels. The third step was de-noising, de-
striping, and the removal of the zero-line using means
and the global approach (Scheffler and Karrasch
2013). The fourth pre-processing step was a radiomet-
ric correction through which the digital number

values of pixels were converted to physical radiance.
The fifth pre-processing step was an atmospheric cor-
rection, for which the fast line-of-sight atmospheric
analysis of hypercubes model was used. The ALI data
is of acceptable quality and only requires atmospheric
corrections made by using Atmospheric CORrection
Now (ACORN). The final step in pre-processing the
hyperspectral dataset was a spatial correction. The
PAN image data from the first time is registered with
second time in sub-pixel and then the output PAN
image data is registered with the hyperspectral dataset.

Experiment and result

The thresholds for discriminative, mixed, and pure
pixels were selected to be 0.4, 0.45, and 0.5 respect-
ively. The threshold for grouping endmembers using
the SAM algorithm was 0.7 (rad). Three patches for
the hyperspectral dataset were considered (Figure 8),
with the first patch estimated at 5 endmembers, the

Figure 7. The false colour composite of hyperspectral Hyperion raw dataset, (a) 2004, (b) 2007. The PAN data of ALI sensors, (c)
2004, (d) 2007, (e) Multiple change map ground-truth, and (f) Legend.

Table 1. The characteristics of the EO-1 satellite.
EO-1 ALI-PAN Hyperion

Spectral cover (mm) 0.48–0.69 0.35–2.5
Number of bands 1 242
Spatial resolution (m) 10 30
Spectral resolution (nm) – 10
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second patch at 12 endmembers, and the third patch
at 6 endmembers.

In this article, both quantitative and qualitative cri-
teria were used to compare the results. The accuracy
assessment was performed by comparing the results of
the proposed method with the ground truth. The
accuracy assessment was numerically applied by most
common criteria such as overall accuracy and kappa
index. Since the result of HSCD for the purely unmix-
ing-based method is 30 (m), the results enhance reso-
lution by using the nearest neighbor interpolation
methods in order for the comparison with ground
truth 10 (m) to become fair. The proposed method
detected 14 change classes presented in different
labels. As can be observed in Figure 4, the proposed
method can detect all changes at the sub-pixel level
and provide information about the changed features
in the MCM. Figures 9a to 9c present the results of
HSPMCD for the first scenario of the proposed
method. The results of HSPMCD for the second scen-
ario of the proposed method are illustrated in Figures
9d to g. More mixed pixels are located at the shared
border of objects. In other words, due to the low reso-
lution of the dataset, the mixing occurs within the
shared margins of the objects. Both of the presented
results for the proposed HSPMCD methods indicate
the high performance of this method in comparison
to methods purely based on unmixing method. The
selected threshold for discriminative mixed pixels and
pure pixels affects the overall results of the HSPMCD.
Obviously, with increasing the threshold values, the
CD results will show more details. The proposed
method based on the PAN dataset showed an accept-
able performance compared to other results and pre-
sented more details in changed areas. The unmixing-
based HSCD has a low performance in the CD
because it ignores the effect of mixed pixels. This
framework works best when all of the used pixels
are pure.

After the primary visual analysis, we performed a
numerical evaluation (Table 2). Two common metrics
were used to evaluate the performance and accuracy
of the HSCD methods: overall accuracy and kappa
coefficient.

Based on the result of Table 2, the CD method
using hyperspectral datasets provides high accuracy of
>90%. Thus these results suggest that the hyperspec-
tral dataset has an acceptable potential for these types
of applications and can be used as a reference, espe-
cially for the CD method. Similar to the visual ana-
lysis, the numerical analysis of the proposed method
confirms its acceptable performance, compared to
purely unmixing-based HSCD. The accuracy of the
proposed method in the second scenario is >97.7%,
while the accuracy of purely unmixing-based HSCD is
92.3%. Additionally, the proposed method in the first
scenario had better performance and presented an
accuracy of 94.4%. The kappa criteria revealed a simi-
lar response to previous criteria and confirmed the
favored performance of the proposed method. For the
proposed method, the kappa coefficient was >0.84 in
the first scenario and >0.94 in the second scenario,
while the kappa criteria for the HSCD method based
on maximum abundance was 0.81. Based on the visual
and numerical analyses, the proposed method revealed
acceptable results in two scenarios. The results of the
proposed method for two scenarios differed from the
detection type of subtle changes, which is observed in
the second scenario.

Discussion

This article proposed a new method for ‘multiple-
change detection’ using hyperspectral imagery, and
the results were assessed both visually and numeric-
ally. The proposed method was presented in two dif-
ferent scenarios to provide more details about the
changes and to facilitate understanding. The visual
and numerical analyses indicates that: (1) the

Figure 8. Three patches for hyperspectral dataset.
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proposed method has a high accuracy at the sub-pixel
level; (2) the proposed method provides more detail
about changes, thus improving the decision-making

process; (3) the mixing thresholds affect the perform-
ance of the HSPMCD methods in both scenarios,
which is related to the sensitivity of the proposed

Figure 9. The result of sub-pixel change detection on hyperspectral dataset. Proposed method in the first scenario with threshold
of (a) 0.40, (b) 0.45, (c) 0.50, proposed method in the second scenario with threshold of (d) 0.40, (e) 0.45, (f) 0.50, (g) HSCD based
on maximum abundance, (h) multiple change ground truth, and (i) legend of changes.

Table 2. The numerical result of change detection on dataset.
HSCD method Abundance threshold Overall accuracy (%) Kappa coefficient

Proposed method without PAN (the first scenario) 0.40 94.46 0.846
0.45 92.98 0.821
0.50 91.33 0.735

Proposed method with PAN (the second scenario) 0.40 97.70 0.944
0.45 94.40 0.859
0.50 93.21 0.827

CD based on maximum abundance – 92.32 0.818

The bold values are the best numerical results by considering different thresholds.
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method to subtle changes; and (4) the second pro-
posed HSPMCD shows an acceptable performance,
compared to other methods. The acceptable perform-
ance of the proposed method in the second scenario
is primarily caused by two factors: (1) it considers an
abundance of mixed pixels in order to investigate the
existence of other endmembers in the scene; (2) it
includes the PAN data to find the location of pixels in
fine resolution. In this article, we mentioned and dis-
cussed the HSCD methods based on spectral unmix-
ing; however, the proposed method shows that
enhancing spatial resolution improves the accuracy of
the HSCDs.

Conclusion

This article presented a new method to achieve precise
and informative change maps using hyperspectral
imagery with no need to prior knowledge of the case
study. We discussed some challenges of the HSCD
methods and proposed a new change detection
method to address them. The most important applica-
tion of the proposed method in real life is obtaining
sub-pixel information in an efficient framework. One
of the main differences between the proposed method
and the other similar methods, such as Liu et al.’s
(2016) is its focus on obtaining sub-pixel level changes
based on spectral unmixing and ancillary data.
Moreover, the proposed method considered the abun-
dance for mixed pixels, thus improving the accuracy
of change map, while this process has been ignored in
other methods. The proposed method was presented
in two different scenarios: with no ancillary data and
with ancillary data. Several simple procedures were
employed in order to enhance the content and quality
of the final CD results. The experiments were con-
ducted using a real hyperspectral dataset in different
regions. The visual and numerical analyses show that:
(1) the proposed method is applied in an unsuper-
vised framework with no need for prior knowledge of
changes; (2) the proposed method can provide the
MCM as well as information about change structure;
(3) the proposed method can provide change maps at
the sub-pixel level; (4) the HSCD based on all the sig-
nificant abundances in a mixed pixel has a high accur-
acy, compared to unmixing methods using pixel-level
decisions; (5) the HSPMCD with no ancillary data has
a lower efficiency than the HSPMCD with ancillary
data; (6) due to using the stacks of more than two
images, the proposed method provides the possibility
for analyzing data in a time series within a single pro-
cess.; and (7) the implementation of the proposed

method is simple and of high efficiency, in compari-
son to the unmixing method with no enhancing.
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