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Abstract. The retrieval of surface reflectance information from the same single pixel of the
Hyperion image atmospherically corrected by using image-based [internal average relative
reflectance (IARR), log residuals, and flat field] and radiative transfer model (RTM)-based
[the fast line-of-sight atmospheric analysis of spectral hypercubes (FLAASH) and the
Atmospheric and Topographic Correction 2 (ATCOR-2)] approaches and the spectral feature
characteristics of this information were quantitatively and comparatively examined based on
measured ground spectral reflectance data. The spectral features quantitative analysis results
of the reflectance data showed that spectral reflectances that are suitable and best fitting to
the ground spectral reflectances which were obtained from the pixels of FLAASH, ATCOR2, and flat field–corrected images, respectively. The retrieval of surface reflectance from the
FLAASH-corrected image pixels, in general, produced high scores in spectral parameter analyses. Of the image-based approaches, only in flat field–derived reflectance data, results were
obtained which are high and nearest to those of RTM and ground spectral reflectance data.
Generally, low scores obtained in the spectral parameter analyses of the surface reflectance values retrieved from single pixels of IARR and log residuals-corrected images showed the results
that fit worst to the measured ground spectral reflectance. © 2013 Society of Photo-Optical
Instrumentation Engineers (SPIE) [DOI: 10.1117/1.JRS.7.073528]
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1 Introduction
According to Goetz et al.,1 imaging spectroscopy is defined as “the acquisition of images in
many narrow contiguous spectral bands throughout the visible and solar-reflected infrared spectral bands simultaneously.” Thanks to the abundance of its spectral bands, imaging
spectrometers data make it possible to define surface materials taking the absorption features
of their reflectance spectra as a basis.1 However, sensors of satellites collect solar radiation
that passes through the Earth’s atmosphere. As the solar radiation passes from the Earth’s
atmosphere, it is affected by the water vapor (H2 O), other molecules, aerosols, and mixed gasses
such as ozone (O3 ), oxygen (O2 ), carbon dioxide (CO2 ), carbon monoxide (CO), nitrous oxide
(N2 O), and nitrogen dioxide (NO2 ) of the atmosphere.2,3 In order to carry out more quantitative
analyses using reflectance spectra of the image and to obtain detailed information about the
materials on the surface of the Earth, these atmospheric effects in the image must be removed.4,5
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In many studies, in order to atmospherically correct images, to obtain reflectance data, and to
retrieve surface reflectance, one or several of the empirical and radiative transfer modeling
(RTM) approaches were used. In some of the previous studies, atmospheric effects on the airborne hyperspectral images like Aviris were eliminated making use of the empirical line
method.6 Van Der Meer7 used the empirical line method to atmospherically correct the
Aviris image and to convert it into reflectance data, and proposed “a simple linear interpolation
method” to estimate absorption-band parameters from hyperspectral image data. Smith and
Milton8 examined the use of the empirical line method “to calibrate remotely sensed data to
reflectance” by applying it to the Compact Airborne Spectrographic Imager (CASI)
data. Conel et al.9 compared “Log Residuals, empirical line, and a RTM (LOWTRAN-6)” methods
for the recovery of ground reflectance by applying AIS-2 data. Farrand et al.10 explained the comparison of empirical line, RTM (LOWTRAN-7), and “spectral mixture analysis using reference
endmembers” methods and using Aviris image. Dwyer et al.11 compared the atmospheric correction of Aviris image by using empirical line and Atmosphere Removal Algorithm (Atrem) methods, and the results of linear spectral unmixing applied on the datasets corrected by employing
these two methods.
Kruse12 atmospherically corrected the Aviris image making use of Atrem, Atmosphere
Correction Now (Acorn), and fast line-of-sight atmospheric analysis of spectral hypercubes
(FLAASH) of model-based approaches, and comparatively evaluated the obtained results
together with “field measurement.” Staenz et al.13 assessed the “retrieved surface reflectance”
from AVIRIS and CASI data, atmospherically corrected the data by employing Atrem, CAM5S,
and MODTRAN 4 radiative transfer codes, and by comparing it with the “ground-based reflectances” of playa and canola measured by employing GER3700 Spectroradiometer.
Goetz et al.14 tested the HATCH method to atmospherically correct Aviris and Hyperion
images and to obtain reflectance data, and compared the results with the Acorn correction results.
Felde et al.,4 applying Modtran 4-based FLAASH atmospheric correction method to Hyperion
image, examined “the new wavelength correction algorithm” in this method.
Griffin and Burke2 explained “an overview and an evaluation” of the known “atmospheric
compensation” models. In addition, in this study, a comparison of “retrieval values of column
water vapor and surface reflectance” in the reflectance data of Aviris and Hydice images, which
were atmospherically corrected by employing FLAASH and Atrem methods, was reported.
Rodger et al.15 proposed “a simple quadratic method (SQM)” to evaluate “the wavelengths
of absorption features.” They tested the SQM in HySpex, Aviris, HyMap, and EnMap hyperspectral images and explained the obtained results. In some of the studies, “MODTRAN radiative transfer code” was used to evaluate “retrieval of surface reflectance” from Hyperion
image.13
Continuum removal method16 was used in a lot of the previous studies for the
normalization of reflectance data.15,17,18 In some of the studies, in order to examine and to evaluate biochemical components and concentrations related to vegetation, reflectance data measured
by means of a portable spectrometer [Analytical Spectral Device (ASD) Fieldspec, GER3700,
PIMA etc.] was analyzed making use of specific parameters like continuum removal
method, continuum-removed band depths, normalized band depths, normalized band depth
index, and band depth normalized to area.19–26 In addition, in many of the previous studies,
some considerably useful and efficient statistical techniques such as stepwise, multiple, or
partial least squared regression, correlation, and one-way analysis of variance (ANOVA)
were used in order to analyze datasets and determine the relationship between data
values.19–21,26–31
This study researches the retrieval of surface reflectance information from the same single
pixels of the Hyperion reflectance images, which were atmospherically corrected by using RTMbased FLAASH and ATCOR-2 and image-based internal average relative reflectance (IARR),
log residuals, and flat field and also, quantitatively compares the spectral feature characteristics
of retrieval reflectance information based on the ground-data spectral reflectance measurements.
In order to quantitatively compare the spectral features of the image pixel-retrieved reflectance
data and the ASD spectrometer-measured reflectance data, they were analyzed by making use of
specific spectral parameters. In spectral parameter analyses, statistical and graphical techniques
were used.
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2 Preprocessing of Hyperion Data
Hyperion image has 242 spectral bands in the wavelength range of 0.4 to 2.5 μm. This image has
a 10-nm spectral resolution and a 300-m spatial resolution.32 In this study, Hyperion Level 1R
(Data file name: EO1H1730322010241110KG) data was used. The World Reference System
path and row for used Hyperion image are the numbers 173 and 032, respectively. The acquisition year of the image is 2010, and the Julian day of acquisition is 241.
In Fig. 1, the flowchart of the preprocesses performed on Hyperion image and on this study is
shown. The preprocesses on Hyperion are the removing of bad bands, repairing of bad pixel/
column and vertical stripes, atmospheric correction, and effort polishing of atmospherically corrected images.

2.1 Removing of Bad Bands
Some of the bands on the Hyperion image have very little or no information. In addition, some of
the bands belonging to two spectrometer datasets in visible and near infrared (VNIR) and short
wave near infrared (SWIR) regions overlap. The aforementioned two group bands in VNIR and
SWIR regions were removed from Hyperion data. A total of 168 spectral bands were selected for
spectral features analysis. These bands are: 8 to 57, 80 to 120, 128 to 163, 181 to 221 bands of
the image.

2.2 Repairing of Bad Pixel/Column
In an image, bad pixel and column data can negatively affect the spectral characteristics of the
bands of Hyperion image. For that reason, these bad pixels and columns should be repaired,
which is an important preprocessing treatment of Hyperion image. In this study, bad pixels
and columns were corrected using the average of DN values of the pixels in their surroundings.

Fig. 1 Flowchart of the study and (pre-)processing of Hyperion image.
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2.3 Repairing of Vertical Stripes
Hyperion is a pushbroom type sensor. If such sensors are not accurately calibrated, bad
columns or pixels known as “striping” might form, especially in a vertical direction.33 In
order to correct vertical striping in the image, two approaches are mainly used; namely “global”
and “local” approaches.34 These approaches statistically balance the columns by applying
image-based mean and standard deviation values.34 In the global approach; by applying the
mean and standard deviation values of each band to the entire band, and in the local approach;
by applying the mean and standard deviation values around them to the bad columns, the columns are statistically balanced.34 In this study, the local approach was used to repair the vertical
stripings.

2.4 Atmospheric Correction of Hyperion Image
In order to atmospherically correct the images, image-based empirical2,3 methods are used, such
as log residuals,9,35 flat field,36–38 IARR,39 and empirical line.9,40,41
Model-based methods are used as second approach to compensate the atmospheric effect
from images.2,3 These model-based methods are Atrem,42 Atcor,43 FLAASH,4,44–46 the Acorn,47
and the high accuracy atmospheric correction for hyperspectral data (HATCH).48
In this study, in order to atmospherically correct the Hyperion Image, to convert from radiance to reflectance data, and to retrieve at-surface reflectance information from Hyperion image,
first, the subset image covering the hydrothermal alteration areas was produced. By applying
FLAASH and ATCOR-2 of the RTM methods to this subset image, at-sensor radiance data was
obtained. Afterward, the radiance-calibrated images were transformed into apparent surface
reflectance values. Also, of the image-based approach, IAAR, log residuals, and flat field methods were used to compensate for the atmospheric effects on the Hyperion image and to retrieve
reflectance data. In order to quantitatively compare the spectral features of the retrieved surface
reflectance information with the same parameter and option, the wavelength and full-width-athalf-maximum (FWHM) values of the acquired original data of Hyperion were applied to the
five reflectance datasets obtained as a result of atmospheric correction methods. These obtained
five Hyperion reflectance data were used in spectral features analyses for retrieved surface spectral reflectance.

2.5 Effort Polishing of Reflectance Images
As a last step, empirical flat field optimal reflectance transformation (EFFORT) polishing algorithm, which is a spectral smoothing method, was applied to reflectance images of Hyperion.49

3 Spectral Reflectances of Hydrothermal Alteration Minerals
Extensive hydrothermal areas related to mineralizations are observed in the Lias and LowerMiddle Eocene-aged andesitic and basaltic units to the north of Gümüşhane Province (NE
Turkey) (Fig. 2). Phyllic, argillic, propylitic, iron oxidation, and silicification are some of
the hydrothermal alteration types observed in the region. The measured reflectance data of
six mineral obtained from these hydrothermal alteration zones were used to investigate the
retrieved surface reflectance from Hyperion reflectance image’s single pixels.
The spectral reflectance data of the hydrothermal alteration minerals were obtained in two
stages. The first group of reflectance data of the alteration minerals were obtained by using ASD
Fieldspec Pro spectrometer. The second group of reflectance data of the same minerals were
obtained from the same single pixel of the five reflectance datasets of the Hyperion image.
ASD Fieldspec Pro spectrometer measures in the spectral range between 350 and 2500 nm
and possesses a fiber optic in 25-deg field-of-view. Its sampling interval is 1.4 nm in the spectral
range 350 to 1050 nm and 2 nm in the spectral range 1000 to 2500 nm. Spectral resolution
(FWHM) in the VNIR region is 3 nm with an approximately 700 nm wavelength and in the
SWIR region is 10 nm at 1400 and 2100 nm wavelengths (in the SWIR region, it varies between
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Fig. 2 The hydrothermal alteration area at north of Gümüşhane province (NE Turkey).

10 and 12 nm depending on the scan angle on the related wavelength). Scanning time is
100 ms.50
The reflectances of the samples taken from these hydrothermal alterations were measured in
the laboratory employing ASD Fieldspec Pro spectrometer (Fig. 3). The spectral interpretation
and definition of the measured sample reflectances were made by using Spectral Analyst tool of
ITT VIS Envi software.51 In order to get key ground reflectance data in the spectral analyses,
pure reflectance spectra which does not have mixed reflectance spectra and represented ground
truth spectral signatures of the related mineral were selected from numerous ASD spectrometer

Fig. 3 ASD spectrometer-measured and image-derived reflectance spectra of hydrothermal alteration minerals: (a) kaolinite, (b) halloysite, (c) illite, (d) dickite, (e) muskovite, (f) alunite (line colors
of spectra on figures: black, ASD Fieldspec Pro; blue, FLAASH; red, ATCOR-2; cyan, IARR;
magenta, log residuals; green, flat field).
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measurements. The coordinates (as geographic coordinates system and datum: WGS 84) of the
selected field samples are as follows: for kaolinite: 40.52 N, 39.61 E, for halloysite: 40.55 N,
39.55 E, for illite: 40.55 N, 39.56 E, for dickite: 40.52 N, 39.61 E, for muscovite: 40.53 N, 39.62
E, and for alunite: 40.52 N, 39.62 E. ASD Fieldspec Pro spectrometer measures 2151 continuous
bands in VNIR-SWIR wavelength region. That is why the channel (band) number of ASD spectrometer-measured spectral reflectance data was resampled to the spectral resolution of used
Hyperion image (spectral resolution—168 spectral bands) on the same wavelengths for a quantitative comparison.
The second group of spectral reflectance data was obtained from the same single pixels of the
five reflectance image of the Hyperion (Fig. 4). Both the spectrometer-measured and the
Hyperion images-derived spectral reflectance data were analyzed for the spectral feature characteristics. In Clark and Roush,16 it is explained as “the number and type of materials present,
their weight fractions, the grain size of each material, and the viewing geometry.” Various factors
affect the reflectance spectrum of a surface, and the spectrum to be obtained from a surface can
be very mixed. Villa et al.52 proposed a method for “mixed pixel problem” encountered when the
classification method is used in hyperspectral images by using AVIRIS image. In addition, it is
difficult to produce “pure spectra”53 known as “endmembers” from the Hyperion reflectance
images because of the 30 × 30-m spatial resolution32 of the image. As in Plaza et al.,53 their
comparisons and assessments are made, and there are a number of methods employed to produce
“pure spectral signatures” (endmembers) from hyperspectral images.53
As in the case of field sample reflectance measurements, care was taken to obtain a pure
spectral reflectance signature as a criterion in selecting the pixels suitable for retrieval surface
reflectance data from Hyperion reflectance data. For this purpose, the pixels in which hydrothermal alterations of the study area exist were manually analyzed one by one in the Spectral
Analyst tool of Envi51 software package (Fig. 3). For six key minerals, spectral reflectances were
separately obtained from the same single pixels from which pure spectral signatures of the minerals were obtained (Fig. 3). The surface spectral reflectance data retrieved from the reflectance
images of Hyperion and the measurement of ASD FieldSpec Pro spectrometer were used in
spectral feature analyses.

Fig. 4 The study area and single pixels for the retrieval of surface reflectance information on the
color composite images of Hyperion image [Bands: 24, 15, 7 (RGB)].
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4 Spectral Feature Analysis
In the spectral feature analyses of the reflectance data, first of all, continuum removal,16 which is
a normalization method, was applied to both groups of spectral reflectance data. In order to
quantitatively compare image-derived reflectance data with ground spectral reflectance data,
five main spectral parameters were used. These parameters are: general shape and symmetry
of normal spectral curves, continuum-removed band depths (CR-BDvi ), variations at wavelength
positions of the diagnostic absorption features at continuum-removed spectra, normalized
absorption depths (CR-BDvi ), and reflectance intensity of continuum-removed spectra.

4.1 Continuum Removal Method
Continuum removal normalization method16 is used “to isolate a particular absorption feature” in
a spectrum to be used in spectral feature analyses. The absorption features in a spectrum belonging to a mineral or a material are composed of two main components, “continuum” and “individual feature”.54 Of these components, “continuum” is expressed as “background absorption”
and the other “absorption features” components are superimposed on this “background absorption”.54 As stated in Schmidt and Skidmore,55,56 continuum can be explained as a “convex hull,”
fitted to connect maximum reflectance values on a spectrum curve by a straight line on this
spectrum. That is why since each one of the minerals possesses different maximum reflectance
values that vary according to wavelengths, they all possess different a “convex hull” connecting
these values.55
Once the “convex hull” (continuum line) for a spectrum is drawn, continuum-removed reflectance values (CRRvi ), as given in Eq. (1), are calculated by dividing the original reflectance value
(Rovi ) for each band by the continuum line reflectance value (Rcli ) on the wavelength of the
related band.19 The spectrum obtained as a result of the continuum removal normalization
method has values between 0 and 1.55,56
CRRvi ¼ Rovi ∕Rcli :

(1)

In this study, the continuum removal normalization method was applied to all of the image
pixel-derived and ASD spectrometer-measured reflectance data. Continuum-removed reflectance values that are obtained for all wavelengths of the reflectance data were used in spectral
parameter analyses.

4.2 General Shape and Symmetry of Spectral Curves
As the first spectral parameter, the features of the general shape and symmetry of normal curves
(not continuum-removed) of the image pixel-derived reflectance spectra were examined. In order
to quantitatively compare the general shape and symmetry of the reflectance spectra, Pearson’s
correlation coefficient (r) and stepwise linear regression (least squared) of the statistical techniques were used.
Linear regression, which makes it possible to formulate the linear relationship between two
different datasets as a mathematical expression,57,58 is quite a useful statistical analysis technique
that is commonly used to determine the linear relationship between datasets to be examined. In
simple linear regression, when the scatterplot graph is drawn by plotting one of the variables as
input data (independent variable) on x-axis and the second variable as response (dependent variable) on y-axis, the line which is best fitting to these two datasets is obtained by using leastsquared criterion approach.57,58
For each one of the alteration minerals used as reference, stepwise linear regression was
separately established between image-derived and spectrometer-measured reflectance data.
The stepwise linear regression graph of the illite mineral is given as an example in Fig. 5.
By means of the stepwise linear regression analyses, the amounts of fitness and similarity of
the image pixel-derived reflectance spectra to the ground spectral data and the linear relationship
between them were measured. As a result of stepwise linear regression analyses, coefficient of
determination (R2 ) and Pearson’s correlation coefficient (r)57 values were obtained. In the stepwise linear regression analyses, significance value (p) was accepted as 0.05, and it was observed
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Fig. 5 The stepwise linear regression graph between ASD spectrometer-measured and FLAASHcorrected image-derived reflectance values.

that p was smaller than 0.05 in the ANOVA result tables of all of the established linear regressions. This shows that there is no statistically significant difference in stepwise linear regression
analyses.
In this study, coefficient of determination (R2 ) and Pearson’s correlation coefficient (r) were
used as a measure of the fitness amount of image-derived reflectance spectra to ground truth
reflectance data. Coefficient of determination (R2 ) obtained as a result of regression analyses
between two datasets is a numerical value between 0 and 1. As it is expressed in Groebner
et al.,58 this value can be used as a measure of fitness of the linear regression line to the points
belonging to two sets of data. Values close to 1 mean a good fitness, in other words, a good linear
relationship between two datasets; and values close to 0 mean a bad fitness or a bad linear
relationship.58
In stepwise linear regression analyses, the highest R2 and r values were obtained in the spectral reflectance data produced from FLAASH, ATCOR-2, and Flat Field-corrected image pixels,
respectively [Fig. 6(a) and 6(b)]. The arithmetic means of R2 and r values for FLAASH,
ATCOR-2, and Flat Field surface reflectance retrieval were found as: for R2 0.661, 0.587,
and 0.512 and for r 0.768, 0.715, and 0.685, respectively. The arithmetic means of R2 and
r values in the reflectances of IARR and Log Residuals-corrected image pixels are as follows:
for R2 0.059 and 0.059 and for r 0.208 and 0.229, respectively [Fig. 6(a) and 6(b)]. The reflectance of Flat Field-retrieved kaolinite mineral and the reflectances of FLAASH-retrieved muscovite and illite minerals showed the highest R2 and r values (R2 : 0.896, 0.895, and 0.882; r:
0.802, 0.802, and 0.777). The smallest R2 and r values were determined in the reflectance data of
IARR-retrieved illite mineral and Log Residuals-retrieved muscovite mineral (R2 : 0.029 and
0.117; r: 0.001 and 0.014. respectively).
Coefficient of determination (R2 ) and Pearson’s correlation coefficient (r) values57 showed
that spectral reflectances that are similar, suitable, and best fitting to the ground spectral reflectances were obtained from the single pixels of FLAASH, ATCOR-2, and Flat Field-corrected
images, respectively. The small R2 and r values in the reflectance data produced from the single
pixels of IARR and Log Residuals-corrected images showed the results that are worst fitting to
ground truth reflectance spectra.

4.3 Band Center of Minerals Diagnostic Absorption Features
The characteristics of diagnostic absorption features of minerals or materials are important with
regard to the accuracy of the results to be obtained in the studies of absorption feature-based
spectral mapping or analysis. So that, as the second spectral parameter, band centers of Al-O-OH
absorption features of the key alteration mineral spectra in SWIR wavelength region were examined in image-retrieval reflectance data.
Each one of hydrothermal alteration minerals selected as ground surface reflectance data
have diagnostic absorption features in SWIR wavelength region. Kaolinite mineral groups
have a double absorption feature at about 2.16 and 2.2-μm wavelengths.54,59–63 Illite mineral
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Fig. 6 (a) Pearson’s correlation coefficient (r ) and (b) coefficient of determination (R 2 ) of stepwise
linear regression.

displays a diagnostic absorption feature at 2.2-μm wavelengths. In addition, it shows a slight
absorption feature at 2.35 and 2.45 μm.62–64 Dickite mineral has an absorption feature at about
2.2 μm. The absorption features at 2.3 μm are diagnostic.61 Muscovite mineral has diagnostic
absorption feature at 2.2 μm wavelengths.59,60,65 Also it shows slight absorption feature at 2.35
and 2.45 μm wavelengths.63 Alunite has a major absorption feature at about 2.17 μm. In addition,
it displays a small absorption feature at about 2.32-μm wavelengths.59,60,62,63
The band center of an absorption feature is the wavelength at which the maximum absorption
depth or the minimum reflectance value is present. In image-retrieval reflectance data, the band
centers of Al-O-OH absorption features were compared with the ASD spectrometer-measured
spectral reflectance data. The band centers of the diagnostic Al-O-OH absorption features determined in the continuum-removed reflectance values of each one of the six key minerals are given
in Table 1.
In the kaolinite mineral that possesses a doublet absorption feature in the SWIR wavelength
region, the maximum absorption depth is centered approximately on wavelength 2.17 μm in all
of the reflectance values. So the absorption features on wavelength 2.17 μm was examined as the
band center of Al-O-OH absorption features in the kaolinite mineral. It was observed that log
residuals-corrected image pixel-derived illite and alunite mineral spectra showed subtle shifts
(approximately 10 nm) in the continuum-removed reflectance values at the band centers of
Al-O-OH absorption features compared with ground truth reflectance data. The band centers
of Al-O-OH absorption features of the image-derived reflectance data of the other minerals (halloysite, dickite and muscovite) were determined at the same wavelength as the ASD spectrometer-measured reflectance data. It was observed that the band center of Al-O-OH absorption
feature was centered on the wavelength 2.2 μm in these minerals.
In the examinations of band centers of Al-O-OH absorption features of image-derived
reflectance data, only subtle shifts in the continuum-removed reflectance values of log
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Table 1 The band center of Al-O-OH absorption features at continuum-removed reflectance values of each mineral.
Methods

Kaolinite

Halloysite

Illite

Dickite

Muscovite

Alunite

Spectrometer

2.17

2.20

2.20

2.20

2.20

2.16

FLAASH

2.17

2.20

2.20

2.20

2.20

2.16

ATCOR-2

2.17

2.20

2.20

2.20

2.20

2.16

IARR

2.17

2.20

2.20

2.20

2.20

2.16

Log Residuals

2.17

2.20

2.19

2.20

2.20

2.18

Flat Field

2.17

2.20

2.20

2.20

2.20

2.16

Note: Bold values indicate small shifts in band centers.

residuals-derived illite and alunite minerals were observed compared with the other reflectance
data. This result is especially important with regard to the accuracy of the results when log
residual reflectance data are used in the studies of absorption feature-based spectral analyses
and mapping.

4.4 Comparison of Continuum-Removed Band Depths
As the third spectral parameter in the continuum-removed values of the image-derived reflectance data of the key minerals, the variations in the band depth values on the wavelengths where
band centers of the diagnostic absorption features (examined in the previous section) are present,
were examined. Band depths are calculated from the continuum-removed reflectance values
making use of Eq. (2).19 According to this equation, the band depth value (BDvi ) of all reflectance data for each mineral is obtained by subtracting the continuum-removed reflectance value
(CRRvi ) of the related channel from 1 (Table 2).
BDvi ¼ 1 − CRRvi :

(2)

In this study, in image and spectrometer-obtained reflectance data, band depth values at all of
the wavelengths were calculated from the continuum-removed reflectance values by using the
Eq. (2).19 Afterward, for each mineral, continuum-removed band depth values (BDvi ) at the
wavelengths the band centers of which were examined were found. In order to quantitatively
compare and to determine the variations in the band depths, BDvi values of the image-derived
reflectance data were subtracted from BDvi values of ASD spectrometer-measured reflectance
values (Fig. 7). In the subtraction graphs, it was observed that BDvi values of the image-derived
reflectance data were, in general, greater than those of the ground truth reflectance data,
except for the alunite mineral. The highest BDvi values were found in the BDvi values of
Table 2 Continuum-removed band depth values (BDvi ) at the band center of Al-O-OH absorption
features.
Kaolinite

Halloysite

Illite

Dickite

Muscovite

Alunite

Total

Spectrometer

0.2153

0.2302

0.3114

0.3156

0.1901

0.4250

0.2813

FLAASH

0.2609

0.2783

0.3387

0.3561

0.3140

0.3657

0.3190

ATCOR-2

0.2925

0.2985

0.3614

0.3815

0.3114

0.4020

0.3412

IARR

0.2426

0.2786

0.3388

0.3656

0.3052

0.3699

0.3168

Log Residuals

0.2619

0.2809

0.3636

0.3764

0.3209

0.3809

0.3308

Flat Field

0.2557

0.2855

0.3349

0.3501

0.3105

0.3908

0.3213
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ATCOR-2-retrieval reflectance data (arithmetic mean of the subtraction values: 0.060).
Generally, low BDvi values were determined in FLAASH-derived reflectance data (arithmetic
mean of the subtraction values: 0.038). This indicates that BDvi values in the reflectance data
obtained from FLAASH-corrected reflectance image are close to BDvi values of ground truth
reflectance data. Other low BDvi values in the subtraction graphs were found in flat field and
IARR-retrieval reflectance data (the arithmetic means of subtraction values: 0.0400 and 0.0355,
respectively).

4.5 Comparison of Continuum-Removed Normalized Band Depths
As the fourth spectral parameter in investigation of retrieval of surface reflectance information,
continuum-removed normalized band depth values (CR-NBDvi ) were analyzed by using statistical techniques. In CR values of the reflectance data of the minerals, for every one of all
the wavelengths (168 spectral channels), CR-NBDvi values were calculated using the formula
given in the Eq. (3).19 According to this formula, CR-NBDvi values for each channel (band) or
wavelength is calculated by dividing the continuum-removed band depth value (BDvi ) computed
for each wavelength using Eq. (2) by the continuum-removed band depth value (BDvi ) on the
wavelength where maximum absorption or minimum reflectance is present at the band centers of
the absorption features of the mineral.19
CRBDvi ¼ BDvi ∕BDcvi :

(3)

CR-NBDvi values of the image-derived and field sample measured reflectance data and the
distribution of these values were examined by using the normability test, which is a statistical
technique.66 Normal probability plot tests are a powerful and useful statistical tool used to evaluate the normability of the analyzed data, in other words, its deviations from the normal.57,58 In
this study, in order to test the normability of the CR-NBDvi values, two normal probability plots
were used. One of them is quantile-quantile plot (Q-Q plot) normability test.58,66,67 This test is a
powerful and useful tool that shows the deviations from the normality of the values of each point
in the examined dataset.66,67 In order to determine normal probability in Q-Q plot, the examined
normal distribution values should be converted into “Standardized Observed Values” by utilizing
the conversion formula.57,58 Another normability graph used is the detrended Q-Q plot. It shows
the deviation in each of the examined values from a straight line. If the examined values in a
dataset possess normal distribution, they are observed as situated around this zero-centered horizontal line.67
It was observed that in the Q-Q and detrended Q-Q plot graphs of the CR-NBDvi values of all
of the reflectance data, CR-NBDvi values of IARR and log residual-derived reflectance data
showed different patterns and distributions from the CR-NBDvi values of the other three

Fig. 7 The subtraction graph of continuum-removed band depth values (BDvi ) obtained from spectrometer and reflectance datasets at the band center of Al-O-OH absorption features.
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Fig. 8 Q-Q plots of CR-NBDvi values of some mineral reflectance data: (a) spectrometer illite,
(b) FLAASH alunit, (c) log residuals halloysit, and (d) IARR muscovite. x -axis: standardized
observed value and y -axis: expected normal value on graphs.

reflectance data (Figs. 8 and 9). This result points to the fact that CR-NBDvi values of both of the
reflectance data display significant deviation from the normality. The CR-NBDvi values of the
reflectance data belonging to the flat field-derived dickite mineral produced another different
result that shows deviation in both of the normability tests. In the normal probability tests,
it was observed that CR-NBDvi values calculated from the reflectance data obtained from
the same single pixels of FLAASH-corrected images exhibited the nearest distributions to
CR-NBDvi values of the ASD Fieldspec Pro spectrometer-measured ground truth reflectance
data. The other good result in the normal probability was obtained in CR-NBDvi values of
ATCOR-2-derived reflectance data.

4.6 Reflectance Intensity of Spectra
As the last spectral parameter, the reflectance intensities in the CR-NBDvi values of all reflectance data were tested. For this purpose, interquartile range values (IQRv ) skeletal boxplots
graphs and the variance were examined for the CR-NBDvi values of all of the reflectance data.
Variance and IQRv values were used as a measure of variability in the reflectance intensities.
Variance is a statistical method used as a measure of variability in an examined dataset.57 The
variance values determined in the CR-NBDvi values of ASD Fieldspec Pro spectrometer,

Fig. 9 Detrended Q-Q plots of CR-NBDvi values of mineral reflectance data: (a) ASD FieldSpec
Pro Spectrometer, (b) FLAASH, (c) ATCOR-2, (d) IARR, (e) log residuals, and (f) flat field.
x -axis: observed value and y -axis: deviation from normal on graphs.
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Fig. 10 Variance values of CR-NBDvi at minerals reflectance data.

FLAASH, ATCOR-2, IARR, log residuals, and flat field reflectance data are as follows as arithmetic means: 0.035, 0.059, 0.084, 0.134, 0.133, and 0.046, respectively (Fig. 10). In the arithmetic mean results of the variance analyses, the lowest values were determined in the CR-NBDvi
values of ASD spectrometer-measured reflectance data. In the image-retrieved surface reflectance data, the variance values that are closest to the ground spectral reflectance data were
obtained in the CR-NBDvi values of flat field, FLAASH, and ATCOR-2 corrected image-derived
reflectance data, respectively. The highest values were observed in the CR-NBDvi values of
IARR and log residuals-corrected image-derived reflectance data. The lowest variance value
(0.026) was observed in the CR-NBDvi of the spectrometer-measured kaolinite mineral reflectance data, and the highest variance value (0.185) was observed in the CR-NBDvi value of log
residuals-corrected image-extracted halloysite mineral reflectance data. In addition, CR-NBDvi
values of log residuals-corrected image-derived muscovite and IARR-derived halloysite and
muscovite reflectance data displayed high variance values as well.
Skeletal boxplots is a pretty useful and efficient graphical technique which gives information
on the “shape, variability, and center” of the distribution of the data by using numerical values in
an examined dataset.57 On a boxplot, IQRv is a measure of variability in a dataset and is equal to
the width of the box on the graph.57 In the skeletal boxplots graphs, IQRv values were calculated
by using the Eq. (4) (Fig. 11). The first (lower) quartile (Q1v) of the box is the median of the
bottom 25th percentile of the whole dataset separated by the median. The third (upper) quartile
(Q3v) of the box is the median of the upper 75th percentile of the whole dataset separated by the
median.57 IQRv is not affected by the small number of the extreme values in the dataset for which
skeletal boxplots graphs are drawn.57
IQRv ¼ Q3v − Q1v :

(4)

The smallest IQRv values were determined in CR-NBDvi values of ASD spectrometer,
FLAASH, flat field, and ATCOR-2-corrected image-derived reflectance data (as arithmetic
means: 0.120, 0.207, 0.212, and 0.331, respectively). The highest IQRv values were found
in CR-NBDvi values of IARR-derived and log residuals-corrected image-derived reflectance
data (as arithmetic means: 0.134 and 0.133, respectively). Similar to the variance results, the
lowest IQRv value (0.081) was determined in CR-NBDvi values of ASD spectrometer-measured
kaolinite reflectance data, and the highest IQRv value (0.851) was determined in CR-NBDvi
values of log residuals-corrected image-derived halloysite reflectance data. Similarly,
CR-NBDvi values of IARR-derived halloysite and muscovite and log residuals-corrected
image-derived muscovite and kaolinite reflectance data displayed high IQRv values.
The quantitatively comparative results of the variance and IQRv values determined for
CR-NBDvi values of all of the reflectance data gave useful information about the reflectance
intensities of the mineral spectra. The results of the variance and IQRv values in CR-NBDvi
values of FLAASH-corrected image-derived reflectance data showed the reflectance intensity
results that are most suitable for ground truth spectral reflectances. According to the variance
and IQRv values, two other best results were obtained in CR-NBDvi values of flat field and
ATCOR-2-corrected image-derived reflectance data, respectively. In addition, the low variance
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Fig. 11 Skeletal boxplots and IQR values of CR-NBDvi values at minerals reflectance data:
(a) kaolinite, (b) halloysite, (c) illite, (d) dickite, (e) muskovite, and (f) alunite.

and IQRv scores of IARR and log residuals-corrected image-derived reflectance data indicate
that their reflectance intensity displayed important differences compared with ground spectral
reflectance data.

5 Conclusion
In this study, the retrieval of surface reflectance information in the same single pixel of the reflectance images obtained from the Hyperion image atmospherically corrected by using image-based
and model-based methods, and a quantitative examination of the spectral characteristics of this
reflectance information comparing with ground spectral reflectance data were reported.
According to the results of the five parameters used in the analyses of the spectral features
of the image reflectance data, it was observed that the surface reflectance data which are similar,
suitable for, and best fitting to the ground truth reflectance data were produced by FLAASH and
ATCOR-2-derived reflectance data, respectively. Especially in the parameter analyses of the
retrieval surface reflectance data from the single pixel of FLAASH-corrected images, considerably high scores were obtained. The results are: the highest R2 and r values (as arithmetic
means 0.661 and 0.768, respectively), the lack of shift in the band centers of the absorption
features of the related mineral, the low values in the band depth subtraction graph (as arithmetic
mean 0.0337), the lack of deviation from the normality in the normal probability tests and showing similar results to the CR-NBDvi values of ASD spectrometer-measured reflectance data, low
variance and IQRv values (as arithmetic means 0.035 and 0.120, respectively). The results which
are the least similar and worst fitting to the ground reflectance data were obtained in reflectance
data produced from the single pixel of Log Residuals-corrected images. In the spectral parameter
analyses of the retrieved surface reflectance data of these two image-based atmospheric correction methods (log residuals and IARR), generally low scores were produced. In addition, in log
residuals-derived reflectance data, the subtle shifts determined at the band centers of diagnostic
absorption features of some minerals like illite and alunite should be taken into consideration
with regard to the accuracy of the results obtained when these reflectance data are used for
absorption features-based spectral analyses. The scores in the spectral analyses of the reflectance
data from the flat field-corrected images revealed the results that are nearest to those from the
model based. Hence, this method produced better results than the ones produced by the other
image-based methods such as IARR and log residuals.
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