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Sensitivity analysis of pansharpening in hyperspectral change detection
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Abstract
Change detection (CD) is one of the most important uses of remote sensing, and it plays a key role in many applications. Satellite
hyperspectral imagery has a high spectral resolution but low spatial resolution, which results in images with mixed pixels. To
improve spatial resolution in hyperspectral images, multiresolution fusion techniques must be used, one which is called
pansharpening (PS). This paper investigates the sensitivity and performance of CD methods by fusing Advanced Land Imager
and Hyperion datasets based on a PS algorithm. Three different CD algorithms are used here for that purpose: cross-covariance
(CC), cross equalization (CE), and principal component analysis (PCA). In addition, Gram-Schmidt (GS), HySure, and PCA are
utilized as the PS methods of choice. The CD results obtained from both the original hyperspectral data and from the spatially
fused data are compared to reveal the potential of PS in CD applications. Furthermore, the presented procedure also shows that
the HySure method in particular yields good results for the CD.
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Introduction

Remote sensing (RS) as technology provides us with data
from the Earth—continuously—and on a large scale with min-
imum time and cost, for a long period of time (Liou and Kar
2014; Yuan et al. 2016). Change detection (CD) is one of the
most important but also most challenging analyses performed
utilizing remote sensing. It is a process that measures differ-
ences within a phenomenon over a certain time period
(SINGH 1989; Bruzzone et al. 2016; Seydi and Hasanlou
2017). This has led to CD playing a key role in monitoring
the environment, but also for resource management, and all
areas in which timely and accurate monitoring of changes is
crucial (Spivak et al. 2012; Wu et al. 2013). The remote-
sensing CD has a wide range of practical application in many
fields, including disaster monitoring, land use/land cover
monitoring, ecosystem monitoring, and urban development
(Hussain et al. 2013). Through the development of remote-
sensing sensors, it is now possible to collect data with very
high spatial, spectral, and temporal resolutions (Wu et al.
2013). Though the quality of remote-sensing data has

significantly improved over the years, one big challenge in
particular still remains. Due to physical constraints and limi-
tations of technology, designing sensors with both high spatial
and high spectral resolution is prohibitively expensive
(Ghahremani and Ghassemian 2016). Optical remote-
sensing sensors, therefore, do not usually generate data with
both high spectral and high spatial resolution, producing in-
stead hyperspectral imagery with a high spectral resolution,
but low spatial resolution. This results in one of the main
problems in the analysis of hyperspectral data: the production
of mixed pixels, i.e., pixels that contain more than one object
(Villa et al. 2011). These limitations have led to a decrease in
performance of hyperspectral algorithms. In addition, accura-
cy has always been affected by commission and omission
errors, but this is largely inconsequential to the incorporation
of different types of CD algorithms and datasets. The fusion of
multiresolution, multisource, and multiplatform information
plays a key role in CD analysis using remotely sensed images
(Wu et al. 2013). Data fusion is common practice in CD, its
main objective being an improvement of accuracy analysis by
using complementary data. Data fusion is usually applied on
three levels: the pixel level (Deng et al. 2017; Mei et al. 2017),
the feature level (Pinar et al. 2017), and the decision level
(Salentinig and Gamba 2017).

Recently, many methods have been developed on the pixel
level that can improve the spatial resolution of multispectral
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(MS) and hyperspectral (HS) imagery using high-resolution
spatial data or panchromatic (PAN) data, a process called
pansharpening (PS) that is a form of super-resolution method
(Loncan et al. 2015). PS aims at fusing PAN image data with
high-resolution spectral data, thus generating high-resolution
spectral that also has a high spatial resolution (Loncan et al.
2015).

PS is used in many applications of remote sensing, but
there are only a few studies focusing on using PS methods
for CD (Shah et al. 2008;Wu et al. 2013; Johnson 2014;Wang
et al. 2015; Aiazzi et al. 2017). Bovolo et al. (Bovolo et al.
2010) considered different PS methods for CD and also
ranked various PSmethods from the most to the least effective
for CD by using a novel unsupervised similarity measure-
ment. The research is done successfully considering the effect
of pansharpening on CD, but there are many challenges that
they have not taken into account. First of all, the dataset that
has been utilized in their study is multispectral; however, this
research has focused on the effect of pansharpening on CD
through two hyperspectral datasets in a large scale in order to
investigate the results with a higher reliability. Also, as
pansharpening methods are developed on, comparatively, we
have utilized more state-of-the-art methods. Du et al. (Du et al.

2013) investigated information fusion in two strategies, in-
cluding CD based on PS and CD-based fusion on the decision
level. They also investigated a different effect of fusion
methods on CD results, evaluated by unsupervised similarity
metric and supervised accuracy indices. Using multispectral,
their research has focused only on CD with a variety of spatial
resolutions. Furthermore, the study has not benefitted from the
state-of-the-art pansharpening method. Wang et al. (Wang
et al. 2015) improved the accuracy of unsupervised CD
methods and minimized registration errors among
multitemporal datasets in CD by using the method of iterative-
ly reweighted multivariate alteration detection (IR-MAD).
This method can also be applied to synthetically fused images.
Also, it has not dealt with different pansharpening and CD
methods. Despite the methodological strengths of all these
approaches and their impacts on CD accuracy, however, fur-
ther investigation of a real dataset with more spectral resolu-
tion remains an outstanding task.

Various sensors exist in the RS domain. One of the most
useful and practical ones is hyperspectral imaging, which
plays a key role in CD applications (Chang 2007; Wu et al.
2013; Moreno et al. 2014). Hyperspectral CD (HSCD) has
thus become one of the most prominent topics in the analysis
of RS datasets. There are many types of research based on
HSCD. Some of those research approaches use state-of-the-
art HSCD methods based on spectral unmixing to extract
changes in a sub-pixel manner (Nie et al. 2015; Liu et al.
2016; Ertürk et al. 2017). Although spectral unmixing pro-
vides information about the specifications of changes, it still
faces many challenges, including (Ertürk et al. 2014): (1) it
does not provide spatial distributions of changes; (2) noise in
the data can influence the performance of HSCD; (3) a

Fig. 1 The flowchart of proposed
change detection method based
on the pansharpening of HS and
PAN images

Table 1 The characteristics of the EO-1 satellite

EO-1 ALI-PAN Hyperion

Spectral cover (μm) 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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spectral library must be provided; and (4) low spatial resolu-
tion causes geometric registration errors. Designing a frame-
work for HSCD to achieve more reliable results and minimize
the aforementioned problems thus remains an open challenge.

The main purpose of this research is to evaluate the
sensitivity of PS for the accuracy of HSCD methods by
improving the spatial resolution of the hyperspectral im-
age after incorporating the spectral resolution of the
image. The most popular and advanced HSCD methods
and PS techniques are investigated based on transforma-
tion algorithms. We used three transformation-based
HSCD methods: cross-covariance (CC) (Schaum and
Stocker 2004; Eismann et al. 2008; Adar et al. 2011;
Pieper et al. 2015), cross equalization (CE) (Schaum
and Stocker 2004; Eismann et al. 2008; Adar et al.
2011; Pieper et al. 2015), and principal component anal-
ysis (PCA) (Vongsy et al. 2009; Adar et al. 2011;
Pieper et al. 2015). Additionally, the three high-
performance hyperspectral PS methods we investigated
are Gram-Schmidt (GS) (Laben and Brower 2000), PCA
(Du et al. 2013), and HySure (Simões et al. 2015)
methods. Also, this research intends to investigate two
hyperspectral datasets on a large scale with a number of

different objects and different pansharpening methods.
Moreover, the performance of each pansharpening meth-
od on CD is scrutinized using CD algorithms.

The result of PS and the impact on HSCD are evaluated
using common indicators. To that end, this study utilizes two
real multitemporal datasets related to Hyperion and Advanced
Land Imager (ALI) sensors images. They are used as experi-
mental data to analyze the feasibility of the proposed frame-
work under realistic conditions.

Methodology

Transformation-based HSCD

The main contribution of transformation-based (TB) methods
is that they transform data from image space to other feature
space, creating a cube of data with components (Eismann et al.
2008). This transformation is based on a second-order or high-
order statistics operator such as variance and correlation
(Eismann et al. 2008; Adar et al. 2011). The feature space
increases the separability of the datasets, as well as HSCD
performance. There are many algorithms based on TB,

(a) (b) (c) (d) (e)

Fig. 3 The false color composite of the China hyperspectral Hyperion dataset. a 2006. b 2007. The PAN data of ALI sensors. c 2006. d 2007. eGround
truth

(e)(d)(a) (b) (c)

Fig. 2 The false color composite of the USA hyperspectral Hyperion dataset. a 2004. b 2007. The PAN data of ALI sensors. c 2004. d 2007. eGround truth
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including common methods such as CE, PCA, CC, multivar-
iate alteration detection (MAD), and iteratively reweighted
multivariate alteration detection (IR-MAD) (Nielsen 2007;
Eismann et al. 2008). These methods have many advantages,
including (a) noise control, (b) the ability to process data with
high dimensionality, (c) high separability of change pixels
from no-change pixels, and (d) easy implementation with
low computational cost.

Our research uses three TB methods for HSCD: PCA, CE,
and CC. These three are the most common methods, widely
used in HSCD applications (Schaum and Stocker 2004;
Eismann et al. 2008; Adar et al. 2011; Pieper et al. 2015).
The PCA is the algorithm used in hyperspectral analysis and
tries to maximize the variance of components. For HSCD, the
CE and CC algorithms are applied on each hyperspectral im-
age based on the estimation of transformation parameters by
second-order statistics. The main assumption in the CE and
CC algorithms is that the affine transformation capturing un-
desired changes is space-invariant (Eismann et al. 2008; Adar
et al. 2011).

Pansharpening image fusion

PS image fusion has been investigated by many researchers.
Consequently, many methods have been developed in this re-
search area (Yokoya et al. 2017). The main purpose of PS is
enhancing the spatial resolution of high-resolution spectral im-
ages by fusing themwith corresponding higher spatial resolution
PAN images (Loncan et al. 2015). PS is a special type of image
fusion at the pixel level (Yokoya et al. 2017). Our research uses
three common PS techniques, GS, HySure, and PCA (Simões
et al. 2015; Snehmani et al. 2016; Ghahremani and Ghassemian
2016). PCA is a well-known spectral transformation that is wide-
ly used in PS (Du et al. 2013; Loncan et al. 2015; Ghahremani
and Ghassemian 2016). Specifically, the hypothesis underlying
its use for PS is that the spatial information is concentrated in the
first component, while the spectral information is accounted for
by the other components (Shah et al. 2008; Loncan et al. 2015;
Yokoya et al. 2017). GS transformation is often exploited in PS
methods and was proposed in a patent by Koften (Laben and
Brower 2000; Vivone et al. 2015; Yokoya et al. 2017). This
method is applied in three steps: (1) complete orthogonal decom-
position of a component, (2) completing PS by substituting that
component with the PAN image, and (3) inversion of the decom-
position (Loncan et al. 2015; Yokoya et al. 2017).

The HySure introduce a convex regularization problem
into subspace-based image fusion framework. The fusion
problem is formulated as the minimization of a convex objec-
tive function with respect to subspace coefficients, which can
be seen under a Bayesian approach. This method uses a form
of vector total variation for the regularizer, taking into account
both the spatial and the spectral characteristics of the data
(Simões et al. 2015; Yokoya et al. 2017).

Proposed method

Figure 1 shows the flowchart of our proposed method.
According to that chart, after pre-processing and selecting

(f)(e)(d)(c)(b)(a)

Fig. 4 The result of PS in the China dataset. a 2006-GS. b 2006-PCA. c 2006-HySure. d 2007-GS. e 2007-PCA. e 2007-HySure

Table 2 Different type of accuracy assessment methods in HSCD

Criteria Formula

PCC TNþTPð Þ
Nð Þ

MD FNð Þ
TPþFNð Þ

FAR FPð Þ
TNþFPð Þ

KC PCC−Pe
1−Pe

Specificity TNð Þ
TNþFPð Þ

Sensitivity TPð Þ
TPþFNð Þ

AUC Component of ROC for computing AUC

N Total number of pixels in the image

Pe
TPþFPð Þ� TPþFNð Þþ FNþTNð Þ� FPþTNð Þ

N2
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suitable spectral bands from the hyperspectral dataset with the
same spectral wavelength as the PAN image, our proposed
method can be applied in two main phases: (1) the Image
Fusion Phase—this phase is used to enhance spatial resolution
of the HS dataset by incorporating a PAN image based on
most widely used PS methods. Spectral bands from the HS
image are selected to fall within the spectral range of the PAN
image, and then these bands from the HS are fused with the
PAN image using PS methods. (2) The Predictor Phase—
change area is predicted based on TB methods, applied to
highlight change area and distinguish them from no-change
areas using linear transformation. Finally, in the last part of the
flowchart, an assessment is given.

Experimental result

EO-1 satellite dataset

The satellite Earth Observation-1 (EO-1) launched a new mis-
sion from NASA on November 21, 2000. EO-1 carries two

sensors: Hyperion, a hyperspectral sensor; and the ALI, a
multispectral sensor. Table 1 presents the characteristics of
the sensors aboard EO-1.

Datasets and case study

In this work, we utilized two widely used real-world HS
datasets to evaluate the performance of HSCD methods. One
of the important factors for assessing different types of HSCD
methods is the quality of providing the ground truth data. For
evaluating different HSCD methods, it is necessary to incor-
porate a reference dataset, because the false ground truth will
lead to incorrect results. Therefore, the main reason for choos-
ing these datasets is the availability of related ground truth
data. Incorporated datasets have been used in many HSCD
studies such as Liu et al. (2016), Bruzzone et al. (2016), and
Seydi and Hasanlou (2017)). The ground truth datasets were
developed by the authors through visual analysis and interpre-
tation of the abovementioned researches. Additionally, by
using high-resolution image from Google Earth, a detailed
visual comparison was carried out. The first case study area
covers an irrigated agricultural field in the city of Hermiston in
Umatilla County, Oregon, USA. The data were acquired on
May 1, 2004 and May 8, 2007 (Fig. 2). The main changes
between the acquisition dates relate to land cover changes of
agricultural fields.

Figure 3 shows the second dataset, covering farmland near
the city of Yuncheng Jiangsu Province in China. The data
were acquired onMay 3, 2006 and April 23, 2007. The chang-
es in this dataset are mostly derived from land cover changes,
as well as many subtle changes.

Pre-processing

Data pre-processing plays an important role in the main pro-
cess. It can be divided into two categories: spectral and spa-
tial correction (Datt et al. 2003). The pre-processing step
begins with spectral correction then spatial correction is ap-
plied. Spectral correction for theHyperionL1Rdata includes

(f)(e)(d) (c)(b)(a)

Fig. 5 The result of PS in the USA dataset. a 2006-GS. b 2006-PCA. c 2006-HySure. d 2007-GS. e 2007-PCA. e 2007-HySure

Table 3 The output performance of hyperspectral PS methods

Method Dataset SAM CORR

GS USA 2004 5.721 0.993

2007 5.705 0.993

PCA 2004 5.196 0.994

2007 7.493 0.987

HySure 2004 5.867 0.991

2007 5.699 0.995

GS China 2006 4.223 0.992

2007 4.159 0.993

PCA 2006 4.008 0.992

2007 5.874 0.984

HySure 2006 3.760 0.995

2007 4.727 0.987
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discarding of no-data bands, de-striping, de-noising, smile
correction, radiometric correction, and atmospheric correc-
tion (Datt et al. 2003;Khurshid et al. 2006).TheALIdata is of
good quality and only requires atmospheric correction to be
applied, using ACORN (Du et al. 2009). The second step
during pre-processing is a geometric correction. Two PAN
datasets are considered as reference data, and other data are
then geometrically corrected relatively to that PAN dataset.
The PAN data from the ALI sensors cover spectral wave-
lengths between 0.48–0.69 μm. The Hyperion data from
band 14 to 33 contains spectral wavelength PAN data, with
20 bands used for PS purposes.

HSCD quality assessment

Accuracy assessment is a key feature of any process in
remote-sensing image analysis. Since the ground truth is
available, there are several methods for comparing the ground
truth to a candidate binary change map. There are many indi-
ces used for evaluating results of HSCD. This particular study
uses four common assessment methods generally involving
the following quantities: percentage correct classification
(PCC), kappa coefficient (KC), misdetection (MD), false
alarm rate (FAR), and area under the curve (AUC) (Fawcett

2006). Table 2 presents a different type of accuracy assess-
ment method in HSCD. The MD and FAR indices are inves-
tigated more details performance of PS on HSCD. In Table 2,
(a) true positives (TP) is the number of change pixels correctly
detected, (b) false positives (FP) is the number of no-change
pixels incorrectly detected as change (the so-called false
alarms), (c) true negatives (TN) is the number of no-change
pixels correctly detected, and (d) false negatives (FN) is the
number of change pixels incorrectly detected as no-change
(also called misses).

PS and HSCD

PS is the first step of our proposed method. As was mention
before, three PS techniques are used here. The results of the
PS are evaluated visually and quantitatively by some of the
common quality assessment indices. There are many indices
for quality assessment PS-based data fusion that this research
used spectral angle mapper (SAM) and cross-correlation
(CORR) (Hasanlou and Saradjian 2016). Figure 4 presents
the result of PS in the China dataset.

Figure 5 presents the result of PS in the USA dataset. Based
on the visual analysis, the GS method shows good perfor-
mance in both datasets.

(a) (b) (c) (d) (e)

(f) (g) (h) (i)

Fig. 6 The result of scenario S#1 for the USA dataset. a CC-GS. b CE-GS. c PCA-GS. d CC-PCA. e CE-PCA. f PCA-PCA. g CC-HySure. h CE-
HySure. i PCA-HySure
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Table 3 shows the results and the quality of PS methods for
each dataset. This evaluation utilizes the SAM and CORR.

Based on the results presented in Table 3, the HySure meth-
od shows good performance for US dataset and China dataset
(time 2006) in comparison to the PCA and GSmethod in both

datasets. After the image fusion phase, HSCD commences. In
this phase, three HSCD methods are applied. Similarly, to the
PS phase, visual and numerical quality assessments are given.
For this purpose, two scenarios were used: (S#1) HSCD with
the output result of PS data with 20 spectral bands and (S#2)

(a) (b) (c) (d) (e)

(f) (g) (h) (i)

Fig. 7 The result of scenario S#1 for the China dataset. a CC-GS. b CE-GS. c PCA-GS. d CC-PCA. e CE-PCA. f PCA-PCA. g CC-HySure. h CE-
HySure. i PCA-HySure

Table 4 The numerical analysis of HSCD on the USA PS dataset

PS Methods Criteria CC CE PCA

GS PCC 96.396% 97.030% 90.620%

KC 0.904 0.921 0.741

MD 1.658 1.376 6.107

FAR 1.945 1.592 3.272

AUC 0.976 0.989 0.941

PCA OA 89.185% 91.422% 88.305%

KC 0.558 0.772 0.665

MD 2.7377 4.3120 2.6406

FAR 36.5086 22.9513 40.1063

AUC 0.890 0.933 0.620

HySure OA 96.66 97.421% 95.763%

KC 0.851 0.887 0.795

MD 2.683 2.120 4.451

FAR 8.047 6.328 2.254

AUC 0.979 0.991 0. 973

Table 5 The numerical analysis of HSCD on the China PS dataset

PS Methods Criteria CC CE PCA

GS OA 96.436% 97.6889% 90.450%

KC 0.891 0.931 0.698

MD 2.2969 1.5128 2.9455

FAR 8.6912 5.2336 32.4475

AUC 0.992 0.997 0.973

PCA OA 95.516% 97. 195% 88.467%

KC 0.874 0.915 0.627

MD 2.2948 1.6227 3.9819

FAR 11.2162 7.3716 37.7288

AUC 0.985 0.990 0.944

HySure OA 94.805% 97.623% 89.2786%

KC 0.843 0.923 0.683

MD 3.6592 1.4238 6.4893

FAR 11.0823 5.8736 25.363

AUC 0.981 0.994 0.965
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HSCD by using the original Hyperion data with 168 spectral
bands.

Comparison of the results of these two scenarios is done
using two assessment performance criteria. Themost common
criteria used for assessing CD methods are overall accuracy
(OA), KC,MD, FAR, and AUC (Le Hégarat-Mascle and Seltz
2004; Mas et al. 2013). This research used all mentioned in-
dices for assessing the HSCD method. Figure 6 shows the
results of HSCD based on scenario S#1 for the USA dataset.
Based on the results presented in this figure, CD based on PS
methods detected nearly all of the changes. It can be clearly
seen that the CD map obtained with GS pansharpened images
shows a better visual quality. The difference between results
of various CD methods originates in subtle changes that CC
can detect efficiently compared to other techniques. Similarly,
to the results of USA dataset, the CE method also shows good
efficiency detecting subtle changes.

Figure 7 presents the result of HSCD based on PS for the
China dataset in scenario S#1.

The results of Table 3 for USA dataset show that
HySure has efficient output in PS, resulting in more effi-
ciency than other CD methods. Although for China dataset,
the HySure method has missed the efficient. This issue
related to PS that for China dataset in a second time

(2007), the HySure algorithm has a weak performance in
image fusion. So, the performance of each PS method ef-
fect on result HSCD, directly. The performance of the PS
contributes to the overall performance of the CD; hence,
good PS methods result in high performance. After visual
analysis (Fig. 6 and 7), numerical analysis is presented in
Tables 4 and 5. These tables present five numerical indices
for assessing HSCD methods. The results of CD based on
these indices show that all methods detected the main
changes and show high accuracy. Both tables show the
same trend of implementation. It seems clear that the CE
method shows good performance in two datasets. There is
a difference between GS, HySure, and PCA PS CD
methods, which derives from the structure and perfor-
mance of the PS techniques. PS based on HySure and GS
shows good performance compared to other utilized
methods.

The numerical analysis of change detection based on both
PCA and GS pansharpening techniques have high fluctuation
in all accuracy values indices. On the other hand, change
detection based on HySure pansharpening technique has low
fluctuation in all accuracy values indices.

Tables 4 and 5 show that PS CD has lowmisdetection. This
means that the PS procedure improves the performance of

(c)(b)(a)

Fig. 9 The result of scenario S#2
in the China dataset. a CC. b CE.
c PCA

(c)(b)(a)

Fig. 8 The result of scenario S#2
in the US dataset. a CC. b CE. c
PCA
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HSCD by minimizing registration errors and the mixing of
objects. Results for the HSCD methods in scenario S#2 for
the US dataset are given in Fig. 8

Results for the HSCD methods for scenario S#2 in the
China dataset are given in Fig. 9. The results of HSCD in
Figs. 8 and 9 show that the HS imagery extracted the main
changes but had difficulty identifying all of the subtle chang-
es. In other words, HS imagery alone provides low detail for
small changes, with high misdetection.

Results for theHSCDmethods for scenario S#2 for all utilized
datasets are illustrated in Table 6. The results for both datasets
show the same trend in all assessment indices, with low-
performance CD using the original HS data, as compared to PS
utilizing fused data. This subject is more dominant on indices
high OA and lows MD rates comparison to PS-based CD.

The most reason the increasing accuracy for HSCD based
on PS is highlighting the small changes. In other words, due to
enhancing spatial resolution, some subtle changes simply
could extract by HSCD methods that result presented in
Figs. 6 through 9 confirms this theme.

Discussion

The above sections presented the results of PS and HSCD for
both datasets. The experimental results in PS were considered
both visually and numerically. Based on the obtained results, it
is clear that the HySure fusion method shows good results
when compared to GS and PCA techniques. After fusing im-
ages based on the PS method, HSCDmethods were compared
for these data and the original HS dataset. As expected, the
PS-fused data shows good results, while HSCD based on PS
shows a minimum value of MD compared to the original HS
dataset. Based on the presented results for both of datasets, it
seems that the following conclusions can be drawn: (1) the PS
method improves the performance of HSCD methods com-
pared to the original dataset; (2) the PS method has a lowMD
rate compared to the original dataset, the main reason for this

being a minimizing of registration errors; (3) the results of the
HSCD methods based on the PS method is related to the
efficiency of the PS technique, because in much the same
way, the HySure PS fusion method shows good results when
compared to the PCA and GS PS fusion method; and (4)
among the three HSCD methods, the CE method appears to
be the most robust method, because it provides the best per-
formance in all scenarios for both datasets.

Conclusion

This study considered the effects of PS on real hyperspectral
and PAN images. Three PS techniques are used on two differ-
ent multitemporal hyperspectral datasets. Additionally, the
quality of fusion methods is investigated using two common
indices (SAM and CORR). The PS techniques were evaluated
and tested using data from the Hyperion and ALI sensors. The
numerical results of HySure pansharpening technique show
superiority of this method in two real datasets. The effect of
PS on CD was investigated using three HSCD methods, CC,
CE, and PCA. For this purpose, two scenarios were incorporat-
ed: (1) fusion of hyperspectral and PAN data and (2) the orig-
inal hyperspectral dataset. The results of HSCD evaluated five
indices (AUC, OA, KC, MD, and FAR). Both scenarios show
similar trends for separating change areas from no-change
areas. However, the PS applied dataset shows better perfor-
mance. The MD rate in the PS-applied dataset is the lowest,
while it is high in the original hyperspectral dataset. This shows
that PS is useful for HSCD, improving the performance of
HSCD by minimizing the MD rate (i.e., the confusion of
change and no-change pixels). Among three HSCD methods,
the CE method shows a high performance to predict and detect
change areas and efficiently highlights change pixels.
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