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Abstract—Over the last decade, developments in hyperspectral
sensors have caused an increase in the use of hyperspectral images
(HSIs) due to fine spectral resolution, which has lead to the precise
extraction and identification of the materials of the observed scene.
Change detection (CD) is one of the most fundamental applications
of remote sensing, which provides timely change information about
Earth’s surface. This article presents unsupervised binary and
multiple CD approaches using bitemporal HSIs based on spectral
unmixing (SU) and proposes a new formulation for CD without
using threshold selection methods. SU is a powerful technique
for analyzing hyperspectral data. CD, by incorporating unmix-
ing, has the potential to obtain subpixel-level information from
data. The proposed framework is organized in the context of four
steps: Step 1) estimating the number of endmembers, extracting
the endmember’s signature, calculating abundances, and applying
similarity assessment to identify corresponding endmembers; Step
2) discriminating pure changed pixels; Step 3) discriminating mixed
changed pixels, and combining results by pure changed pixels to
produce a binary change map (BCM); and Step 4) labeling changed
pixels based on the proposed formulation and producing a multiple
change map. This article presents new strategies for binary and
multiple CD, which provide a better figure of merit as they do not
need the threshold selection methods and are less time-consuming.
The experiments on real hyperspectral datasets revealed that both
CD accuracy and computational performance benefited from these
strategies. Experimental results proved the high performance of
the proposed approaches for detecting changes in both binary and
multiple cases.

Index Terms—Abundance, binary change map (BCM), change
detection (CD), endmember, hyperspectral, multiple change map
(MCM), spectral unmixing (SU).

I. INTRODUCTION

ONE of the most important and challenging research ar-
eas in utilizing hyperspectral images (HSIs) is accu-

rate detection and recognition of land-cover/land-use changes
[1]–[3]. Change detection (CD) is the procedure of detecting
and analyzing variations of materials on the Earth’s surface, due
to temporal effects of phenomenon or as a result of a significant
event (such as a natural hazard), natural metamorphoses, and
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anthropogenic impacts, from coregistered multidate images,
acquired in the same geographical region through the same kind
of sensor [4]–[7]. CD using remote sensing (RS) has been widely
used for a variety of applications in many fields, such as natural
disaster assessment, urban sprawl study, land cover mapping,
environmental exploration, and ecosystem monitoring [4]–[6],
[8]. Therefore, promoting CD algorithms in RS is an unceasing
subject of research [9].

Before the HSIs became available, several CD techniques in
the RS field were developed for applications involving multi-
spectral images (MSIs). [7], [9], [10]. One of the main disadvan-
tages of the MSIs is the coarse spectral resolution due to the less
number of spectral channels [11]. Nowadays, by the generation
of new hyperspectral satellite sensors, it is possible to acquire
HSIs with a large number of contiguous and narrow bands (e.g.,
hundreds of bands with 10-nm intervals) covering the spectrum
in a wide wavelength (e.g., from 0.4 to 2.5 μm) [1]. Therefore,
HSIs provide much richer spectral resolutions in comparison
with MSIs and show more subtle change information [7]. Having
a higher level of spectral detail in hyperspectral data and continu-
ous spectrum across a range in wavelengths highlights the advan-
tages of HSIs over MSIs in detecting and discriminating Earth’s
surface variations [10]. In particular, the major aim of hyperspec-
tral CD (HS-CD) is to focus on the changes that cannot be effec-
tively detected from multispectral data [7]. With the increasing
availability of multitemporal HSIs, HS-CD becomes a highly
valuable topic in a wide range of applications from environmen-
tal sciences to military surveillance, which provides highly de-
tailed information on land-cover changes and dynamics [1], [3].

Generally, CD maps are procurable in the following two
ways: 1) a binary change map (BCM); and 2) a multiple change
map (MCM) [11], [12]. The former only separates changed
and no-changed regions without providing any extra details of
the changed ones. The latter performs CD based on detection
and discrimination of different kinds of change and extracts
interpretable information about the nature of changes [11]–[13].
Therefore, MCMs demonstrate useful details about the changed
pixels rather than BCMs. From the involved image viewpoint,
CD methods can be considered as the two main groups: 1) mul-
tispectral CD (MS-CD) methods; and 2) HS-CD methods [1].
Several MS-CD methods have been proposed in binary and mul-
tiple cases [9]. From the methodological viewpoint, we can cate-
gorize multispectral binary CD methods into thresholding-based
and clustering-based approaches [1]. Histogram thresholding

1939-1404 © 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

Downloaded from http://iranpaper.ir
http://www.itrans24.com/landing1.html

https://orcid.org/0000-0001-7785-1872
https://orcid.org/0000-0002-7254-4475
mailto:h.jafarzadeh73@ut.ac.ir
mailto:hasanlou@ut.ac.ir
http://ieeexplore.ieee.org


This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

2 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING

is a widely employed technique proposed in [14], which is
generally be made up of two steps, including generation of
change-enhanced images and selection of suitable threshold to
create binary change masks. In [15], modeling the statistical
distribution of types of objects in the image scene and integrating
spatial content lead to a good result in binary CD issue. In
addition, some procedures were suggested to solve the MS-CD
performance by using arithmetic operations, optimized com-
putation techniques, ensemble learning structures, data fusion
methods, and multifeature approaches [1], [10]. Furthermore,
some attempts based on transformation, multivariate analysis,
postclassification comparison, and multitemporal classification,
etc., have been done to address multispectral multiple CD prob-
lem [7], [10]. Bovolo et al. [13] proposed a compressed change
vector analysis (C2VA) approach based on the original change
vector analysis (CVA) [16] to address the problem of multiple
CD involving MSIs. In spite of the usefulness of the aforemen-
tioned techniques on MSIs, the efficiency of these methods for
HS-CD is reduced, and the procedure of CD becomes much more
complicated and challenging. For methods based on CVA, these
issues can be influenced by the ambiguity that is caused when
compressing more than hundred bands of a real hyperspectral
data into only two components and can be critical in the scenes
by the existence of many changes [1]. In addition, the imple-
mentation of the transformation-based methods is a troublesome
and time-consuming task, and interpretation of the components
is difficult when dealing with many spectral channels [1], [10].
In the RS literature, there exist several state-of-the-art HS-CD
approaches developed to deal with binary CD task. The topic
of challenging hyperspectral multiple CD has also recently
received attention. We categorized the methods on these topics
as follows.

1) Transformation-based methods: Cross covariance [17]
and covariance equalization (CE) [18] are two commonly
used linear transformation methods. Besides, the so-called
multivariate alteration detection (MAD) procedure, which
is based on the canonical correlation analysis, was first
examined in [10] to test the usefulness of this method
in unsupervised vegetation CD problems utilizing multi-
temporal HSIs. Then, it was developed to an iteratively
reweighted form named IR-MAD in [19]. Other efforts
consist of independent component analysis and temporal
principal component analysis, which can be found in [7]
and [20].

2) Spectrum-analysis-based methods: This category con-
tains two subcategories, including similarity-based and
distance-based approaches [e.g., spectral angle measure
(SAM), spectral information divergence, and spectral cor-
relation measure (SCM) [21]–[23]]. This technique aims
to measure and analyze the differences of the spectral
behavior of the considered pixel at two times by taking
the advantages of detailed spectral signature in HSIs.

3) Spectral-unmixing-based methods: A method based on
spectral unmixing named unsupervised fully constrained
least squares linear unmixing algorithm was introduced in
[24]. In order to analyze and discover spectral variations
at a subpixel-level, a multitemporal spectral unmixing

(MSU) approach was designed in [12]. Subpixel-level
variations cannot be easily detected in MSIs.

4) CVA-based methods: In the study by Liu et al. [1], a hierar-
chical spectral CVA (HSCVA) approach was proposed. In
this technique, clustering and detecting of multiple levels
of spectral changes were applied according to different
change significances following a symmetric top–down
structure [1]. A sequential spectral CVA (S2CVA) method
was proposed in [25], which provided a solution for visual-
ization, identification, and detection of multiple changes in
bitemporal HSIs. S2CVA is an advanced version of C2VA,
which has an iterative hierarchical structure to delineate
multiple changes [25]. Liu et al. [26] proposed a novel
semisupervised framework for addressing a multiclass CD
problem, which investigated a compound implementation
by taking advantages from both unsupervised and super-
vised CD techniques.

5) Other methods: Some other techniques have been de-
signed to get a handle on the problem of HS-CD from
different viewpoints, such as model-based approaches by
expressing the CD as a statistical hypothesis test [4],
change representation based on tensor factorization [27],
and a method based on a new three-dimensional model
of the spectral signature considering simultaneously the
spectral, spatial, and temporal information [28].

Despite the effectiveness of the aforementioned approaches
in multitemporal HS-CD tasks, they should be investigated
from different perspectives and resolving existing issues. For
example, techniques, such as HSCVA and S2CVA, require a
hierarchical exploration and modeling of the complex change
structure in the high-dimensional data space. Then, CD problem
is addressed either according to the unsupervised clustering or
by relying on interactive discrimination based on the compressed
or selected features. Another issue can be that although the
compressed feature representation (e.g., in S2CVA) can reduce
some negative effects due to the data redundancy and noise,
often, such methods selects only a few spectral bands among
the available ones, which decrease the efficiency of CD process
and degrade the accuracy of obtained change maps. Therefore,
the compression operation can lose a portion of potential change
information, especially spectrum-sensitive subtle changes. In
general, the identification of such changes in an uncompressed
or transformed feature space is expected to be more effective by
preserving as much as possible the intrinsic spectral variations,
thereby enhancing CD performance in high-dimensional HSIs.
One of the most important issues in some of the methods
mentioned above is the threshold selection. In the literature,
there are several automatic thresholding techniques; obviously,
the result of CD methods is affected by the selected threshold
method [29]. Furthermore, unsupervised multiple CD methods
in state-of-the-art studies (including that in the studies by Bovolo
et al. [13], [16]) do not address the problem of delineation and
identification of multiclass changes in an automatic way without
using threshold selection algorithms.

Although HSIs offer plentiful change information and very
detailed information about the objects, there are many challenges
in CD methods using hyperspectral imagery [12], [13]. The
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increased data volume, information redundancy, and the need for
accurate data preprocessing pose great challenges in the identi-
fication of changes, which requires the use of more effective and
special techniques [1], [7], [30]. In HSIs, each pixel is typically
mixed by several materials present in the image scene [31].
Based on this issue, pixels of an image can be categorized into the
following two groups: 1) pure pixels (which contain one mate-
rial); and 2) mixed pixels (which contain more than one material)
[32]. Because of complicated data of high-dimensional HSIs,
a special method is needed for image processing and because
of the high spectral information content of the hyperspectral
data, extracting more details about changed pixels and producing
MCM are difficult tasks. Moreover, there are high false-alarm
rates and low accuracy in some methods; additionally, noisy
spectral bands affect CD results. Also, the selection of a suitable
threshold for CD methods, computational complexity, difficult
implementation, and time-consuming nature of some methods
are among the most challenging issues [9], [25], [33]. The
last statement is the focus of this research, which proposes
new fast unsupervised hyperspectral CD (HSCD) approaches
for binary and multiple cases based on the spectral unmixing
(SU) technique that improves the computational process of HSIs
and makes the CD procedure automatic without using threshold
selection methods.

In general, different from the previous CD methods, the main
purpose of the current study is to explore and design a new
unsupervised architecture for subpixel detection of binary and
multiple changes in bitemporal HSIs using SU methods that has
the following properties:

1) resolving the threshold selection issue while most of the
known state-of-the-art methods were affected by threshold
algorithms;

2) providing binary and multiple change information using
the SU technique;

3) completely automatic and unsupervised procedure;
4) simple implementation, less computational complexity,

and less time-consuming.
The proposed methodology is validated and analyzed on two

datasets, which include satellite HSIs acquired by Hyperion
sensor (on Earth Observing 1 satellite).

Producing multiple CD maps using SU reveals the abundance
variation of each underlying material with respect to unmixing
algorithms, and besides, highlights changes in the distribution of
materials throughout the scene, with time [12]. Although there
are many state-of-the-art CD methods based on SU, the pre-
sented method in this article has different aspects in comparison
with new recent methods. Many of the new methods are facing
numerous challenges, including:

1) loss of information and using compression techniques;
2) the need for threshold selection and spectral library;
3) final change map of some methods being pixel level while

the methods are based on SU;
4) time-consuming.
Therefore, designing a fast automatic framework for produc-

ing change maps more accurately and minimizing the problems
as mentioned above remains an open challenge.

As discussed above, SU techniques were used in the proposed
method. The advantages of SU techniques have been mentioned

in several studies. According to the linear mixing models, the
contribution of the independent pure materials (termed endmem-
bers) at each pixel of an HSI sum up in a linear way, with
the abundances as weights [34]. Linear unmixing is one of the
most prevalent procedures to estimate abundance fractions of
materials present at each pixel of a remotely sensed HSI [31],
[35], [36]. By means of linear unmixing techniques, the content
of each pixel in an HSI can be represented as a linear combination
of a set of endmembers, weighted by the proportion of each
endmember in the pixel [34], [35].

The experiments on real HSIs verified that both CD accuracy,
execution time and the computational performance benefited
from the proposed strategies. In addition to the simplicity of our
implemented strategies for binary and multiple CD, they do not
have the issues mentioned above. Moreover, the proposed ap-
proaches outperform most of the popular methods. We organized
the rest of this article as follows. Section II presents the details
of the proposed method. Section III introduces the study area
and hyperspectral datasets. Section IV illustrates the evaluation
results, and finally, Section V concludes with a summary.

II. METHODOLOGY

In this study, we concentrated on the development of new
HSCD approach based on SU to produce BCMs and MCMs. In
order to avoid using threshold selection algorithms, we adopted
an approach to discriminate pure changed pixels (PCPs), mixed
changed pixels (MCPs), and no-changed pixels to produce
BCM. Subsequently, the changed pixels were labeled based on
a new formulation to produce MCM. According to the flowchart
in Fig. 1, the proposed method was applied in the four following
main steps after preprocessing:

Step 1) estimating the number of endmembers, extracting the
endmembers’ signature, calculating the abundance fractions by
the mentioned algorithms, and applying similarity assessment
to identify the corresponding endmembers;

Step 2) discriminating PCPs;
Step 3) discriminating MCPs and combining results by PCPs

to produce BCM;
Step 4) labeling changed pixels and producing MCM based

on the proposed formulation.
These steps and the “conditions” shown in Fig. 1 will be

discussed in detail in the following sections.

A. Step 1: Spectral Unmixing

In the first step, the SU procedure is applied on datasets after
preprocessing and registration of HSIs. Hyperspectral unmixing
decomposes each measured pixel spectrum into a collection
of abundances of pure signatures; therefore, CD by unmixing
has the ability to provide subpixel-level information from HSIs
[8], [35]. The mixing models generally fall into the follow-
ing two groups [34], [35]: 1) the linear mixture model; and
2) the nonlinear mixture model. The former is employed in this
research for SU, which is a simple but effective method. This
model is extensively used in RS studies to produce the amounts
of materials present at each observed pixel [31], [35]. In the
linear mixture technique, the mixtures of a pixel in an HSI are
described as a linear combination of pure spectra weighted by
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Fig. 1. Flow diagram of the proposed binary and multiple CD approach based on SU.

their respective abundance factor [34], [37], [38]. Linear SU
mainly focuses on the following steps: 1) estimating the number
of endmembers; 2) extracting the endmembers’ signature; and
3) calculating the abundance fractions [34].

In this article, in order to estimate the number of endmembers,
we used the noise whitened HFC (NWHFC). In the study
by Harsanyi et al. [39], they developed a method based on

the Neyman–Pearson detection theory termed HFC to estimate
the number of endmembers in HSIs. An improved version
of HFC, named noise whitened HFC (NWHFC), included a
noise-whitening step [40]. In comparison with methods based on
model selection criteria (including the akaike information crite-
rion and minimum description length), the NWHFC algorithm
is more efficient [40]–[42]. NWHFC has an initial parameter
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Fig. 2. (a) Endmembers’ abundances of a sample no-changed pixel. (b) Endmembers’ abundances of a sample changed pixel.

that specified the false-alarm probability. This probability is
used in a series of Neyman–Pearson tests. A different Pf value
(e.g., 10−3, 10−4, 10−5) will detect a different orthogonal signal
subspace direction [40]. Based on our experiments, Pf is set
to 10−4. In the next step, the simplex identification via split
augmented Lagrangian (SISAL) method (which is developed in
[43]) is adopted to find endmembers, and any other endmember
extraction method is applicable to the proposed framework.
Endmember extraction is a critical step in the SU of HSIs [8].
The SISAL algorithm is one of the fastest endmember extraction
methods and is utilized widely in hyperspectral unmixing [44].
The SISAL algorithm is an unsupervised method for endmember
extraction based on fitting a minimum volume simplex to the data
subject to a series of constraints [35], [43]. The robustness of
this algorithm is introduced by allowing the positivity constraint
to be violated [43]. Violations are penalized using the hinge
function [35]. In this article, the NWHFC and SISAL operations
are applied to the image of time t1 and time t2 separately.

Afterward, the similarity assessment of endmembers is
adopted based on the SAM algorithm. In this article, the SAM
algorithm attempts to measure angles formed between all the
possible combination of endmembers in the observed image
of time t1 (as the reference spectrum) and endmembers in the
observed image of time t2 (as target vectors) with dimensionality
equal to the number of spectral channels, in order to find similar
endmembers. This algorithm can be calculated as follows [21],
[45]:

SAM(e1, e2) = cos−1

⎛
⎝

∑L
i=1 e

1
i , e

2
i√∑L

i=1 (e
1
i )

2
√∑L

i=1 (e
2
i )

2

⎞
⎠ (1)

where L is the number of bands in the images, e1i is a vector
representing one endmember in the image of time t1, e2i is a
vector representing one endmember in the image of time t2,
and SAM(e1, e2) is the spectral angle between two endmembers
from the image of time t1 and time t2. Finally, after end-
members are extracted, the last step is to achieve abundance
estimation, namely, abundance maps for each pixel. Suppose

that there are p pure materials in the observed image scene,
and [e1, e2, . . . , ep] are the signatures of these materials and
[α1, α2, . . . , αp] are their fractional abundances. In order to
produce accurate amounts of signatures’ abundance fractions,
the following two reasonable constraints are usually imposed
on the abundance fractions of the endmembers at each pixel:
1) abundance sum-to-one constraint; and 2) abundance nonneg-
ativity constraint [31], [46].

A method that simultaneously considers the constraints as
mentioned earlier was proposed in [46], which was called fully
constrained least squares (FCLS) and can be used to solve fully
constrained linear mixing problems [31]. A linear mixture model
of r models the spectral signatures of r as a linear combination of
[e1, e2, . . . , ep] with appropriate abundances fractions specified
by [α1, α2, . . . , αp] as follows:

r = Mα+ n (2)

where r is the L × 1 column vector describing the measured
spectrum of the mixed pixel with L bands, M is the L × p
substance spectral signature matrix, α is [α1,α2, . . . ,αp], and
n is a vector of noise caused by the sensor and modeling errors.
A typical approach to solving (2) is the least-squares estimation
given as follows:

αL (r; e1, e2, . . . , ep) =
(
MTM

)−1
MT r. (3)

In this article, to estimate the fraction of abundances, we
used the FCLS algorithm. However, it should be noted that this
algorithm was developed in [31].

B. Step 2. Identification of PCPs

In the second step, PCPs will be distinguished from other
pixels according to the proposed unsupervised technique based
on abundance fractions of the endmembers. By comparing abun-
dances of the correspond endmembers in a sample no-changed
and changed pixels as represented in Fig. 2(a) and (b), respec-
tively, for discriminating PCPs, we suggested and utilized a
method based on abundances’ map. If the extracted endmem-
bers’ vectors for the observed image of time t1 and time t2 are
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defined as ET1 = [e11, e
1
2, . . . , e

1
p] and ET2 = [e21, e

2
2, . . . , e

2
p]

and abundances are defined as AT1 = [α1
1, α

1
2, . . . , α

1
p] and

AT2 = [α2
1, α

2
2, . . . , α

2
p], respectively, (4)–(8) focus on extract-

ing PCPs.
After the endmembers were extracted, the attempt is to match

the endmembers at time t1 with the ones at time t2 by the SAM
algorithm. Note that we employed the similarity assessment
technique to find the closest endmembers and set them as the
same material without defining a threshold. If a different number
of endmembers is found at the two dates (i.e., a completely
new endmember is found in a scene), then the pixels with this
material automatically are set to a group of PCPs if they satisfy
the following:

αnew ≥ 0.5 (4)

where αnew is the abundance fraction of a newly detected
endmember (enew). Otherwise, this new endmember is added to
the original endmember list and its abundance is set to 0 (and will
be ignored in the computations). In addition, for a given pixel, if
the new endmembers did not pass the threshold in (4) or the same
endmembers are found at both dates, following procedures will
be continued to find PCPs. In (5), the component a calculates
a value based on the differences between the endmembers’
abundance for a pair of coregistered pixels in the HSIs of time
t1 and time t2:

a =

p∑
i=1

∣∣α1
i − α2

i

∣∣
α1
i + α2

i

, α1
i ∈ AT1, α2

i ∈ AT2 (5)

where p is the number of endmembers, α1
i is the endmem-

bers’ abundance of the observed pixel in the image of time
t1, α2

i is the endmembers’ abundance of the observed pixel in
the image of time t2, |α1

i − α2
i | is “the absolute value of the

difference of the corresponding endmembers’ abundance in a
pair of coregistered pixels,” and (α1

i + α2
i ) is “the sum of the

corresponding endmembers’ abundance in a pair of coregistered
pixels”. The component a illustrates the ratio of abundances
alteration in the considered pair of pixels. Equation (6) calculates
a component, which is defined as the absolute value of the
differences between the corresponding endmembers’ abundance
in a pair of coregistered pixels:

b =

p∑
i=1

∣∣α1
i − α2

i

∣∣ , α1
i ∈ AT1, α2

i ∈ AT2. (6)

As aforementioned in step 1, the FCLS method simultane-
ously considers both constraints mentioned above (abundance
sum-to-one constraint and abundance nonnegativity constraint)
[31]. In (7), we partake the first constraint, i.e., for a pixel, the
sum of the endmembers’ abundance is one; thus, the sum of
all of the corresponding endmembers’ abundance for a pair of
coregistered pixels is equal to two:

c =

p∑
i=1

α1
i + α2

i = 2, α1
i ∈ AT1, α2

i ∈ AT2. (7)

TABLE I
PSEUDOCODE FOR THE SECOND STEP OF THE PROPOSED ALGORITHM

Finally, (8) separates PCPs from others:

ab

c
> 1 . (8)

Here, the expression on the left side of (8) is called PCPs
metric. If the given pixel satisfies (8), then the pixel is supposed a
PCP (refers to condition1 in Fig. 1). In fact, we built the structure
based on the assumption that the PCPs show sharp alteration in
the fractional abundances of the endmembers at the image of two
dates and can be easily identified by (8). The threshold 1 can be
set higher to identify the most PCPs, but in this case, some of
the pixels may be categorized neither PCPs nor MCPs (and in
the final BCM will be labeled as no-changed pixels). In the case
of selecting the lower threshold, more pixels will be categorized
as PCPs. In our experiments on real hyperspectral datasets, the
threshold is set to 1. The pseudocode of the proposed method in
step 2 is presented in Table I.

In order to show visually how the operation works in detecting
PCPs, we created an image using a mixture of just two materials
at varying abundances. Fig. 3(a) illustrates the result of PCPs
metric on the mixture of abundances, and Fig. 3(b) represents
the PCPs map resulted based on (8).

C. Step 3. Producing a BCM

In this section, the attempt is to produce the BCM. For
this purpose, first, in the group of mixed pixels, changed and
no-changed pixels should be separated. In other words, the pixels
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Fig. 3. (a) PCPs metric result. (b) PCPs map.

Fig. 4. (a) MCPs metric result. (b) MCPs map. (c) BCM (changed and no-changed pixels are in yellow and blue color, respectively).

that did not pass the PCP threshold in (8) are further processed
to determine which ones are MCP or no-changed (either mixed
or pure) pixel. In this research, if a mixed pixel satisfies the
following:

cos−1 ab

c
< c× sin−1b, where

ab

c
≤ 1 and b ≤ 1 (9)

then the pixel is supposed an MCP (refers to condition2 in
Fig. 1). This formula is defined based on the assumption that
the alteration in the fractional abundances of the endmembers at
the image of two dates for an MCP is not as sharp as the alteration
in PCPs. Subsequently, combining PCPs from step 2 and MCPs
obtained from the proposed algorithm in this section provides
a BCM. Although features such as the magnitude of spectral
change vectors in some studies [13] carry information about the
presence/absence of changes, using such methods needs to use
a threshold selection method; therefore, the final change map
will be affected by the utilized threshold selection techniques.
However, in the proposed method in steps 2 and 3, changed and
no-changed pixels are automatically detectable without affected
by threshold selection techniques. Moreover, the pseudocode
of the proposed technique to separate MCPs from no-changed
pixels and provide BCM is presented in Table II.

In order to show the transition between PCPs, MCPs, and
unchanged pixels based on the mentioned operations, MCPs
metric was applied on the generated image by the mixture of
just two materials, and the result is shown in Fig. 4(a). Based on
(9), MCPs are discriminated, and the MCPs map is presented

TABLE II
PSEUDOCODE FOR THE THIRD STEP OF THE PROPOSED ALGORITHM

in Fig. 4(b). Finally, combining the PCPs map [illustrated in
Fig. 3(b)] and MCPs map [see Fig. 4(b)] give us final BCM,
which is depicted in Fig. 4(c).
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TABLE III
PSEUDOCODE FOR THE FOURTH STEP OF THE PROPOSED ALGORITHM

D. Step 4: Labeling Changed Pixels for Identifying Different
Kinds of Change

Once the changed and no-changed pixels were split into two
separate parts, the attention focuses only on the group of changed
pixels. This step aims to identify the contributions of possible
different kinds of change to produce MCM. The attempt is to
produce a labeled map for each of the images of time t1 and
time t2 based on implementing the proposed approach in (10).
The presented approach investigates the endmember that has the
maximum abundance in a given changed pixel and labels each
pixel if (10) satisfied. For more description, suppose that the
maximum abundance of the endmembers (e.g., [e1, e2, . . . , ep])
in a changed pixel is denoted by E, and I (e.g., 1, 2, …, p) is
defined as an index of E, then the pixel will be labeled as I if
it satisfies (10) (refers to condition3 in Fig. 1). If (10) was not
satisfied, then the pixel will be unlabeled:

cos−1 (E) >
sin−1 (1− E)

2
. (10)

In (10) the value 1 denotes “the sum of the endmembers’
abundance in a given changed pixel.” For the pixels that satisfy
the threshold in (4), I will be defined based on the related
endmember’s index. Equation (10) should be implemented in
both HSIs separately. Finally, pixel-by-pixel comparison of two
labeled multiclass maps of images of time t1 and time t2 will
result in multiple CD maps. In MCM, the same colors will
be assigned to the same changes. The pseudocode of obtaining
MCM is presented in Table III.

For more description, let X and Y be abundance maps for
the two hypothesized coregistered 3 × 3 images of time t1 and
time t2, respectively. To analyze the proposed method, let us
consider that the number of endmembers in the image of t2
is more than the number of endmembers in the image of t1.
We assumed that the image of t1 has four endmembers (i.e.,
[e11, e

1
2, e

1
3, e

1
4] ∈ X) and the image of t2 has five endmembers

(i.e., [e21, e
2
2, e

2
3, e

2
4, e

2
5] ∈ Y ). The abundance fractions of the

endmembers are represented in Fig. 5(a) and (b) for both of the
supposed images, respectively. Based on (4)–(10), PCPs, MCPs,
BCM, and MCM for the supposed images are produced, and the
results are shown in Fig. 5(c)–(f).

III. STUDY AREA

In this article, we utilized the two most commonly used
real-world bitemporal Hyperion hyperspectral datasets to assess
and analyze the characteristics of the proposed method. These
datasets are reference and benchmark datasets that have been
used previously in many HS-CD studies [2], [7], [11], [25],
[47]–[51] and can be found online at http://rslab.ut.ac.ir. Fig. 6
shows the first dataset, which were acquired on May 3, 2006
and April 23, 2007, over farmland near the city of Yuncheng,
Jiangsu, China. This scene covers a range of 420 × 140. The
second case study area covers a range of 307 × 241. These data
were acquired on May 1, 2004 and May 8, 2007, over an irrigated
agricultural field of Hermiston city in Umatilla County, Oregon
USA (see Fig. 7).

IV. EXPERIMENTAL AND RESULTS

A. Preprocessing

The key part of CD procedure before the beginning of the
main process is data preprocessing [11], [52], which includes
the following steps. The first step is removing no data and noisy
spectral channels [53], [54]. Additional steps of preprocessing
are denoising, destriping, radiometric correction (converting the
DN values to a physical parameter called radiance), atmospheric
correction (using the FLAASH model), and spatial correction
[11], [53]–[55]. For further information about preprocessing,
the reader is referred to [11]. The proposed method was imple-
mented utilizing the remaining 154 channels after all prepro-
cessing steps were applied.

B. Results

The goal of this section is to illustrate the experimental
results and discuss the qualitative and quantitative analysis of
the proposed CD method. To do that, the proposed method is
considered on two levels: 1) BCM; and 2) MCM. In this article,
both qualitative and quantitative criteria are used to assessing and
comparing the results of our proposed approach with some other
common methods proposed in the literature. For comparing
methods in the binary case, unsupervised methods, such as MAD
[56], IR-MAD [19], maximum likelihood estimator (MLE) [57],
CE [18] and least square (LSQ) [24], have been used. Moreover,
for comparing methods in multiple cases, unsupervised meth-
ods, such as MAD [56], IR-MAD [19], C2VA [13], and MSU
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Fig. 5. Example of the proposed approach for the binary and multiple CD. (a) Abundance maps of endmembers in the image of time t1. (b) Abundance maps of
endmembers in the image of time t2. (c) PCPs. (d) MCPs. (e) Final BCM (changed and no-changed pixels are in white and black color, respectively). (f) MCM
(the same colors depict the same changes).

Fig. 6. False-color composites of the bitemporal HSIs acquired over farmland in (a) 2006 and (b) 2007. (c) BCM ground truth. (d) MCM ground truth.

[12], have been used. Some characteristics of the aforementioned
algorithms are presented in Table IV.

1) Binary CD Maps (the China Dataset): The proposed
approach for detecting BCM based on Condition 2, which is
presented in Table II, was exerted to the bitemporal hyperspectral
datasets, and the resulted BCM was compared with other BCMs
detected by common CD methods. Fig. 8 presents the results of
the proposed method and some other techniques such as BCMs

in the China dataset. Based on the visual evaluation, the proposed
method shows considerable performance in comparison with
other methods.

From the quantitative point of view, we performed a numer-
ical evaluation of HSCD methods. There are different types
of metrics for accuracy and quality assessment of RS meth-
ods, such as CD, classification, target detection. In this article,
the results of the proposed method were assessed by several
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Fig. 7. False-color composites of the bitemporal HSIs acquired over an irrigated agricultural filed in (a) 2004 and (b) 2007. (c) BCM ground truth. (d) MCM
ground truth.

TABLE IV
CHARACTERIZATION OF CD METHODS

common metrics like overall accuracy (OA), kappa coefficient
(KC), recall (sensitivity), specificity, precision, false-positive
rate, and F-measure. The formulas of these methods [58] are
presented in Table V.

In the table, TP/FP refers to true/false positives, and similarly,
TN/FN refers to true/false negatives. The sum of these values is
equal to N (the total number of pixels in the image). Numerical
evaluation of the performance of the proposed approaches and
other HSCD procedures on the China dataset is presented in
Table VI.

According to Fig. 8 and Table VI, the comparison of BCMs
exhibits a good performance of the proposed method as ap-
plied to the China dataset for detecting changes in the binary
case.

2) Binary CD Maps (the USA Dataset): Fig. 9 presents the
results of the proposed method and some other techniques such
as BCMs in the USA dataset. Visual analysis of the proposed
approach shows considerable performance in comparison with
other methods.

In addition, to the numerical evaluation of the produced
change maps, the aforementioned metrics are used, and results
are shown in Table VII.

According to visual and quantitative results presented in Fig. 9
and Table VII, some initial conclusions can be drawn about the
effectiveness of the proposed CD algorithm as applied to the
USA dataset in the binary case. Based on visual examination
of each of the resulting outputs, the proposed and CE methods
appears to be more effective than the other methods in revealing
the changes in the scene. The numerical evaluation in Table VII
supports this conclusion.

3) Multiple CD Maps (the China Dataset): After obtaining
the BCM, the proposed method attempts to provide an MCM
based on the procedure of Condition 3, which is presented in
Table III. As can be observed in Fig. 10, the obtained results
show the high potential of the proposed method in providing
MCM in the China dataset.

After the initial visualization of MCMs, we performed a
numerical assessment, which is presented in Table VIII. As
aforementioned, several common criteria metrics are used to
accuracy assessment of HSCD methods. It is notable that the
metrics presented in Table V are called binary metrics [58].
Thus, to use these metrics in multiclass maps, we took an average
of each class’s metric value as the overall metric value of CD
methods.
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Fig. 8. BCMs obtained on the China dataset with different CD algorithms. (a) MAD. (b) IR-MAD. (c) MLE. (d) CE. (e) LSQ. (f) Proposed method. (g) BCM
ground truth.

TABLE V
DIFFERENT TYPES OF ACCURACY ASSESSMENT METHODS IN CD

Downloaded from http://iranpaper.ir
http://www.itrans24.com/landing1.html



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

12 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING

TABLE VI
NUMERICAL EVALUATION OF THE PROPOSED METHOD AND DIFFERENT COMMON HSBCD METHODS IN THE CHINA DATASET

Fig. 9. BCMs obtained on the USA dataset with different CD algorithms. (a) MAD. (b) IR-MAD. (c) MLE. (d) CE. (e) LSQ. (f) Proposed method. (g) BCM
ground truth.

As shown by the CD results, which are presented in Table VIII,
the proposed method provided high accuracy; thus, similar to
the visual analysis, the numerical evaluation of the change
maps endorsed the effectiveness of the proposed method. The
qualitative and quantitative analyses reveal that: 1) hyperspectral
imagery has a good performance in detecting changes and has a
high potential for CD applications; and 2) the proposed method
has high accuracy and provides rich details about the changed
pixels at the subpixel level.

A common task in CD is to measure the disagreement in
land cover types between the two maps (the obtained CD map
and ground truth map) showing the same spatial extent [59].
The disagreement could be ascribed to errors in the predicted
change map. For this reason, to error analysis and assessment
of the proposed method in the detection of multiple changes,

we evaluated our MCMs with three components: quantity (QC),
exchange (EC), and shift (SC) introduced in [59].

The contingency table is a type of table in a matrix format
that can be used for error assessment and visualization of the
performance of CD methods in which the rows are the obtained
MCM’s classes and the columns are the ground truth classes
[60]. In a contingency table, a class’s row difference is the class’s
commission error (occurring when pixels in obtained classes
are assigned to a particular class that, in fact, does not belong
to it), whereas a class’s column difference describes the class’s
omission error (occurring when pixels belonging to one class
are included in other classes).

Pontius et al. [59] illustrated how to explain the difference
between two land cover maps as mentioned interpretable com-
ponents (QC, EC, and SC). QC is described as the amount of
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TABLE VII
NUMERICAL EVALUATION OF THE PROPOSED METHOD AND DIFFERENT COMMON HSBCD METHODS IN THE USA DATASET

Fig. 10. MCMs obtained on the China dataset with different CD algorithms. (a) MAD. (b) IR-MAD. (c) MSU. (d) C2VA. (e) Proposed method. (f) MCM ground
truth.

TABLE VIII
NUMERICAL EVALUATION OF THE PROPOSED METHOD AND DIFFERENT COMMON HSMCD METHODS IN THE CHINA DATASET

difference between the ground truth map and the MCM where
the proportions of the classes are not equal [59]. Therefore, a
class’s QC is the absolute value of variation between the class’s
column and row difference [59], [61]. An EC is defined as the
transition between the misallocated classes. Subtracting QC and
EC from the overall difference defines the SC (if there are
more than two classes in the square contingency table, then
it is possible to define SC). These components exist by class
and summed over all classes [59]. The QC, EC, and SC can
be challenging for the difference of classes and difference of
OA to compare when classes’ differences vary by size in the
predicted change map and ground truth map for the same area.
Thus, to address this challenge, the component’s intensity was
introduced in [61], which facilitates comparison of the classes.

For more details about the aforementioned components and
related equations, the reader is referred to [59] and [61].

Table IX shows the layout of the square contingency table
where columns denote classes at ground truth map and rows
denote classes in the predicted multiclass change map from
applying the proposed CD method on the China dataset.

According to row and column differences in Table IX, omis-
sion and commission values for each class are presented in
Fig. 11(a). Moreover, the percentage of omission, commission,
and agreement (persistence) is displayed in Fig. 11(b).

According to Pontius and Santacruz [59] and Foody] [61],
the related equations were applied on MCMs obtained from the
proposed method using both the China and USA datasets to
calculate QC, EC, and SC, as well as the components’ intensity.
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TABLE IX
LAYOUT OF SQUARE CONTINGENCY TABLE FOR THE CHINA DATASET

Fig. 11. (a) Omission and commission value of each class. (b) Percentage of omission, commission, and persistence of each class.

Fig. 12. Overall size of the component difference for the China dataset classes.

Fig. 12 depicts the overall size of the difference between the
components for the classes listed in Table IX.

As displayed in Fig. 12, most of the differences between MCM
and ground truth map is EC difference. Moreover, the QC is
larger than the SC. Fig. 13 represents the components’ size for
the classes listed in Table IX. According to Table IX, the column
difference for all of the classes is less than the row difference
except class 1; thus, QC sign for the class 1 is positive (see
Fig. 13). In other words, the change map shows more of class
1 but less of the other classes compared with the ground truth
map.

Fig. 13 reveals that classes 1 and 2 have the highest QC and
EC difference, whereas class 1 is a positive sign and class 2 is a
negative sign in the QC.

Fig. 14 shows the relationship between the component inten-
sities of the classes in the China dataset. The blue line implies
that the QC overall is 32% of the difference overall. In Fig. 14,
the QC for classes 1 and 3 stretched out the blue line. Therefore,
classes 1 and 3 have more intensive QC than classes 2 and 4
relatives to the QC overall.

The red line depicted in Fig. 14 indicates that the QC + EC
overall is 96% of the difference overall. Based on the lines’
difference in Fig. 14, it can be concluded that the intensity
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Fig. 13. Sizes of the components for each class of the China dataset.

Fig. 14. Component intensities of the classes in the China dataset.

of EC overall is 64%. Classes 2 and 4 have a more intensive
EC than class 3 compared with EC overall, whereas class 1,
approximately, has EC intensity equal to EC overall. In addition,
the SC intensity overall is 4% (i.e., 100% minus 96%). Since
the intensity of SC for class 1 is complete to the right of
the red line, class 1 has a less SC in intensity relative to SC
overall. Accordingly, classes 3 and 4 have a more SC in intensity
compared with SC overall, whereas class 2 has no SC in intensity.

4) Multiple CD Maps (the USA Dataset): Detected multi-
class changes are exhibited by different labels for the USA
hyperspectral dataset. As can be observed in Fig. 15, the ob-
tained results show the high potential of the proposed method of
providing MCM. As we already discussed, if a given changed
pixel did not satisfy (9), then the pixel will be unlabeled. Since
the number of these pixels are very low, it does not clearly appear
in the MCMs.

Numerical evaluation of the predicted MCM and other MCMs
detected by common CD methods is presented in Table X.

Note that in some rare cases, the calculation of F-measure can
cause a division by 0 when precision and recall are equal to 0.
This can occur if there are no exact predicted classes, and, thus,

the true positive is 0. In our analysis, true positive for one of
the classes in the IR-MAD method was 0; thus, based on Table
V, precision and recall will be 0, and consequently, F-measure
for this class will be NaN (i.e., undefined value). To use binary
metrics, such as F-measure in multiclass maps, we calculated the
average of each class’s F-measure as the overall F-measure of
the CD method. Therefore, for this special case, the F-measure
value equals NaN in the IR-MAD method.

For accurate analyzing of the proposed method in the detec-
tion of multiple changes, we evaluated MCMs using the QC, EC,
and SC. Table XI displays the layout of the square contingency
table, where the columns denote the classes at ground truth map
and the rows denote the classes in the resulted change map from
applying the proposed CD method on the USA dataset.

According to the row and column differences in Table XI,
omission and commission values for each class are presented in
Fig. 16(a). Moreover, the percentage of omission, commission,
and agreement (persistence) is displayed in Fig. 16(b).

Fig. 17 shows the overall size of the difference between the
components for the classes listed in Table XI.

According to Fig. 17, most of the differences between MCM
and ground truth map are QC disagreement. Furthermore, the
EC is larger than the SC.

Fig. 18 illustrates the components’ size for the classes listed in
Table XI. According to Table XI, the column difference is more
than the row difference for all of the classes except classes 1 and
4. Consequently, classes 2, 3, 5, and 6 have positive signs and
the classes 1 and 4 have negative signs in their QC (see Fig. 18).
In other words, the change map shows more of classes 2, 3, 5,
and 6 but less of the other classes as compared with the ground
truth map.

Fig. 19 depicts the relationship between component intensities
of the classes in the USA dataset. The blue line illustrates that
the QC overall is 60% of the difference overall. The QC value
for classes 2, 4, and 6 ends before the blue line. Hence, classes
2, 4, and 6 have a less intensive QC than classes 1, 3, and 5
relatives to the QC overall.

The red line in Fig. 19 shows that the QC + EC overall is
88% of the difference overall. Also, the intensity of EC overall
is 28%. Consequently, classes 2, 4, and 6 have a more intensive
EC and account for the largest ECs, whereas all other classes
have a less intensive EC relative to EC overall.

According to the red line in Fig. 19, the intensity of SC overall
is 12%. The SC intensity for classes 1 and 3 is approximately
zero; thus, these classes have no SC in intensity. Classes 2, 4,
and 6 have a more intensive SC and class 5 has a less intensive
SC relative to SC overall.

C. Execution Time of CD Algorithms

Comparative results, in terms of computational complexity,
are shown in Tables XII and XIII, where execution time estimates
for each algorithm to run CD results are reported. When selecting
an appropriate method for a given application, computational
complexity must be considered.

1) Execution Time of Binary CD Algorithms: In order to
investigate binary CD algorithms from computational loud point
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Fig. 15. MCMs obtained on the USA dataset by different CD algorithms. (a) MAD. (b) IR-MAD. (c) MSU. (d) C2VA. (e) Proposed method. (f) MCM ground
truth.

TABLE X
NUMERICAL EVALUATION OF THE PROPOSED METHOD AND DIFFERENT COMMON HSMCD METHODS IN THE USA DATASET

TABLE XI
LAYOUT OF SQUARE CONTINGENCY TABLE FOR THE USA DATASET
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Fig. 16. (a) Omission and commission value of each class. (b) Percentage of omission, commission, and persistence of each class.

Fig. 17. Overall size of the component difference for the USA dataset classes.

of view, the run time for each of the analyzed methods is shown
in Table XII.

2) Execution Time of Multiple CD Algorithms: The run time
for each of the employed multiple CD methods are presented in
Table XIII.

The computational burden of the MAD and IR-MAD su-
perseded and dominated the results. The method presented in
this article is cheap from the computational load perspective in

Fig. 18. Sizes of the components for each class of the USA dataset.

Fig. 19. Component intensities of the classes in the USA dataset.

Downloaded from http://iranpaper.ir
http://www.itrans24.com/landing1.html



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

18 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING

TABLE XII
EXECUTION TIME OF BINARY CD ALGORITHMS

TABLE XIII
EXECUTION TIME OF MULTIPLE CD ALGORITHMS

comparison with other methods. Thereby this approach may be
well suited for applications with fast execution requirement.

V. CONCLUSION

This article presented a new unsupervised approach for
achieving change maps using bitemporal and hyperspectral RS
imagery based on SU without requiring prior knowledge of the
case study. The most pivotal principle of this new structure
for measuring and detecting changes in binary and multiple
frameworks was that it did not require using threshold selec-
tion methods. In addition, easy-to-use nature of the proposed
algorithm, remarkable capability in the detection of multiple
changes, and providing change information at the subpixel-level
were the other characteristics of this method. Most of the HSCD
approaches presented in the literature focus on either binary
CD or detection of specific changes; however, in this article,
in addition to the binary CD, the main topic was detecting
multiple changes. Moreover, some of the existing methods for
multiple CD attempt to extract all change classes exactly from
the original dataset or from a newly generated spectral domain
based on a single operation, which makes the ambiguity in
separating different kinds of change and affects final change
map’s accuracy. However, in this article, using SU showed
high efficiency in detecting multiclass changes. Visualization
and numeric analysis of the produced change maps proved the
effectiveness of the proposed approach. The results showed
that: 1) hyperspectral imagery had an excellent performance of
detecting changes and had a high potential for CD applications;
and 2) the proposed method had high accuracy and provided
information at the subpixel level with a limited computational
cost. Despite the effectiveness of the proposed method, it had an
ambiguity to detect some of the subtle changes. In addition, there
were very few unlabeled changed pixels in the resulted MCMs.
To increase the effectiveness of the proposed method in the
future, we plan to consider spatial information in the proposed
technique in order to enhance the quality and accuracy of change

maps and investigate the binary and multiple CD challenges on
new datasets with comprehensive ground truth map.
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