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Use of Derivative Calculations and Minimum Noise
Fraction Transform for Detecting and Correcting the
Spectral Curvature Effect (Smile) in Hyperion Images

Alon Dadon, Eyal Ben-Dor, and Arnon Karnieli, Member, IEEE

Abstract—Earth Observing-1 Hyperion data were found to be
relatively noisy and to contain significant cross-track spectral cur-
vature nonlinearity disturbances, known as the smile/frown effect.
A method for the correction of spectral curvature effects (smile)
in Hyperion images, termed trend line smile correction (TLSC), is
presented. The method is based on the assumption that there is
a partial correlation between data spectral nonuniformity, due to
the smile and eigenvalues gradient that mostly appears in the first
minimum noise fraction (MNF) image (MNF-1). However, MNF-1
consists of both spatial and spectral information. Therefore, it
is hypothesized that adaptation applied to MNF-1, according to
exclusively spectrally derived parameters (e.g., atmospheric ab-
sorption features) can account specifically for the smile effect
in the data. A set of normalization factors, calculated from the
spectral derivative at the right-hand side of the O2 absorption fea-
ture (760 nm), MNF-1 and the moderate-resolution atmospheric
transmittance radiative transfer model, are used to scale the initial
MNF-1. The image is corrected after the inverse conversion of
the MNF to radiance space. The methodology was tested on four
different Hyperion scenes and consistently outperformed other
tested methods by up to nine times. As a result, thematic mapping,
using the TLSC-corrected reflectance data cube, was shown to be
consistent with the geology maps of the study area.

Index Terms—Geological classification, Hyperion Earth
Observing 1 (EO-1), hyperspectral remote sensing, smile effect,
spectral derivative.

I. INTRODUCTION

VARIOUS pushbroom imaging spectroscopy systems ex-
perience low-frequency array effects that are often re-

ferred to as the spectral curvature effect, or smile/frown and
keystone interferences [1], [2]. These effects depend on the
position of each cell on the charge-coupled device (CCD) array,
relative to the imaging optics’ center axis. The keystone effect
refers to changes within the spatial cell dimension (lower than
the pixel size), whereas the smile effect refers to changes within
the spectral dimension (lower than the bandwidth size) [1].
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While the keystone effect is difficult to account for and correct,
the smile effect is significant in the spectral domain [3].

The sources of the smile effect are ascribed to the optical

techniques used to disperse the input imaged “slit” in the wave-

length dimension over the detector grid. The detector elements

in a pushbroom system are arranged on a rectilinear grid,

therefore dispersing the slit onto the straight rows of detector

elements leads to spatial misalignment of the wavelength and

bandwidth [4], [5]. Smile may also be a product of aberrations

in the collimator and imaging optics [4]. The spectral curvature

may affect the proper retrieval of surface reflectance [6], partic-

ularly in the spectral regions affected by sharp gaseous absorp-

tion features, which demand high spectral accuracy for effective

atmospheric correction [7]. As most common atmospheric cor-

rection methods apply a radiative transfer model to the data, it

is highly important to have the data centered at the exact band

position [6]–[8]. Since the smile effect may render spectral

absorption positions, the resulting atmospheric correction may

be insufficient, leading to a noisy reflectance product; conse-

quently, the thematic spectral-based products may be erroneous

[9], e.g., thematic misclassification of the data.

The Hyperion hyperspectral sensor onboard the Earth

Observing-1 (EO-1) spacecraft is a pushbroom imaging

spectrometer [10]–[12]. Hyperion consists of 242 bands

at bandwidth of approximately 10-nm full-width at half-

maximum (FWHM). The instrument’s swath is 7.5 km, con-

taining 256 columns (pixels) with 30-m spatial resolution.

Hyperion comprises two grating spectrometers; one cover-

ing the visible near-infrared (VNIR) wavelength range (357–

1055 nm), with a silicon CCD and another HgCdTe detector,

covering the short-wave infrared (SWIR) range (851–2576 nm).

The signal reaches the Hyperion detectors through a single

telescope and slit with a dichroic filter to split the signal

into the two spectrometers [3]. Early results from selected

Hyperion validation sites in the U.S. (e.g., [13]), Argentina

(e.g., [14] and [15]), Australia (e.g., [16]), Botswana (e.g [17]),

and Eritrea (e.g., [18]) showed that the system generally per-

formed correctly and produced useful geologic (mineralogical/

lithological) information. Nevertheless, it was reported that

Hyperion data had drawbacks, such as relatively low signal-to-

noise ratios (SNR) [6], spectral and spatial artifacts related to

the array malfunction, and a significant smile effect [6], [12],

[14], [16], [19], [20].

Laboratory measurements performed prior to the launch of

the system indicated that the smile effect is dependent on
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the pixel position (column) in the cross-track direction of the

Hyperion image and on different magnitudes at the VNIR and

SWIR detectors [21]. Throughout the Hyperion operations,

peak-to-peak smile differences of less than 1 nm have been

observed in the SWIR wavelengths and 2.6–4.25 nm in the

VNIR detector wavelengths [6], [20]. Considering the high

spectral resolution of the Hyperion output (10.0–11.5 nm), such

spectral differences in the VNIR are significant and cannot be

ignored for further analysis [20]. Moreover, the smile effect

may vary from one image to another [20]. Therefore, it is not

possible to use prelaunch correction functions. Due to Hyperion

malfunctions and low SNR, not much experience has been

gained with the instrument and the smile effect remains a con-

siderable challenge for the scientific community [4], [10], [22].

The smile effect in Hyperion data is not evident in a single

band, since the spectral shifts are less than a bandwidth. There-

fore, detecting the smile effect in the data is not a trivial task.

The smile effect becomes apparent in spectral calibration stages

in terms of sensitivity of radiance measurements in spectral re-

gions with sharp radiance changes (e.g., atmospheric absorption

features). Several studies [5], [7], [15], [23] demonstrated how

the relatively homogeneous absorption features of atmosphere

gasses may serve as indicators for the smile effect.

Soon after the EO-1 launch, a brightness variation in the

minimum noise fraction (MNF) transformations [24] (normally

the first MNF is referred to as MNF-1) was noticed [4]. It

was particularly apparent in the VNIR range, which presented

a similar shape to models describing the “smile/frown” effect.

Accordingly, the MNF-1 was used as a smile indicator in vari-

ous studies (e.g., [4], [9], and [16]). However, according to [4]

and [9], MNF-1 compares spatial and spectral information and

is therefore not designed for the sole purpose of smile detection.

Although the problem of removing the smile effect from

the raw data has drawn considerable attention, most of the

developed methodologies dealing with smile (e.g., [6], [9], [25],

and [26]) were reported as partial, in some cases, complex and

not applicable for the common user in others, and commonly

causing perturbation of the spectra.

A. Previous Smile Considerations

The first smile correction applied to Hyperion data was

performed by Thompson Ramo Wooldridge (TRW), Inc. (now

Northrop Grumman Space Technology) and was based on

a prelaunch characterization of spectral and spatial variation

of the Hyperion detector arrays, as reported by [21]. The

prelaunch measurements were used to calculate the reposi-

tioning of band centers for proper atmospheric correction. In

practice, it was found that the TRW correction factors did not

properly correct the smile effect and, in fact, some significant

errors were even increased in several spectral regions, such as

the first few VNIR bands [6]. This effect may be explained

by possible postlaunch changes in the spectral calibration [6],

[9]. It is not yet clear why the changes occurred, although [12]

reported that it may be due to a problem that occurred during

the integration of the sensor into the EO-1 platform.

The traditional way of detecting and correcting the smile

effect takes into account the gray scale cross-track drift of the

MNF-1 band image, in some cases by applying a polynomial

smoothing correction to MNF-1 band [16] and in others, its

complete elimination. However, these techniques are limited,

due to variations in the surface albedo that contribute errors

to the correction function. The smile is then poorly corrected,

while other information may be lost [4].

To the best of the authors’ knowledge, the only atmospheric

removal software that attempts to consider smile in the process

is the high-accuracy atmospheric correction for hyperspectral

data model, developed at the Center for the Study of Earth from

Space, University of Colorado at Boulder [27], [28]. However,

it does not directly perform radiance smile correction, rather

than detecting smile at atmospheric absorption features and

then performing atmospheric correction per-column accord-

ingly. Moreover, this software is not yet available to most

users, who commonly utilize such packages as environment

for visualizing images (ENVI) fast line-of-sight atmospheric

analysis of spectral hypercubes [29], Atmospheric Correction

Now (ACORN) [30], atmospheric correction [31], [32], or other

empirical-based approaches that do not properly deal with the

smile issue.

Other approaches reported are related to matching of mea-

sured and modeled radiance spectra, oriented to reduce spikes

in the derived reflectance near atmospheric absorptions [20],

[25], [33]. Such models operate by resetting band centers and

FWHM of the data, rather than directly correcting the spectra.

Most of these models are complex and cannot be applied by the

common user.

One of the available techniques, implemented prior at-

mospheric correction, is the “cross-track illumination correc-

tion” module [34], provided within the ENVI software [35]. In

this module, along-track mean values are calculated and put

together to evaluate variation in the cross-track direction of

the scan. A polynomial function, with the order defined by the

user, is fitted to the means and used to remove the variation.

Cross-track illumination variations may be due to vignetting

effects, instrument scanning, or other nonuniform illumination

effects often observed in pushbroom instruments. As this is

the only available method to deal with pushbroom affects, it

is a necessary step in the correction methodology of Hyperion

data, and as such, it is brought herein as a reference for

comparison.

Another technique is the polynomial fit corrections applied

to the MNF-1 band [4]. Here, a polynomial fit is set according

to the columns average in the MNF-1 band and then applied for

correcting the entire image (for each pixel). However, these two

techniques only partially or indirectly remove the smile effect

and may alter the spectra [4].

B. Objective

In most cases, the end-user of Hyperion data faces difficulties

in detecting and correcting the spectral distortion caused by the

smile effect. This may lead to erroneous data analysis (e.g.,

misclassification). Whereas some suggest that the smile effect is

considered to be an inherent part of the data and do not include

its correction within the preprocessing steps, in the authors’

view, a procedure to evaluate and correct the smile effect is
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Fig. 1. Location of the four Hyperion images (Ki, Ke, Kk, and Kz) and the
location of the Dana Geological National Park.

essential, and a scene-based method to tackle this problem must

be developed.

Therefore, the prime objective of this paper is to explore

the behavior of the smile effect in Hyperion data sets, to

suggest a new method to minimize its effects and to examine

the results in three stages: 1) a spectral match to moderate

resolution atmospheric transmittance (MODTRAN) radiative

transfer model [36]; 2) comparison to other common correc-

tion methods; and 3) examination of thematic classification.

It should be noted that trend line smile correction (TLSC) is

currently restricted only to the present case study and to the

acquisition conditions as presented ahead.

II. MATERIAL AND METHODS

A. Research Area

The research was conducted over the Arava Rift Valley (also

known as the Dead Sea Transform), located in southern Israel

and Jordan (Fig. 1). The arid climatic conditions of the research

site are characterized by precipitation of less than 50 mm

annually, little cloud cover, and intense radiation throughout

the year. These conditions result in low vegetation cover and

very well exposed lithology and consequently, the area is very

suitable for remote sensing implementation, particularly for

examining the proposed correction method of the smile effect

for surface thematic mapping applications. Particularly, the

research area includes the Dana Geology National Park (Fig. 1).

Geologically, this site comprises rock formations ranging from

Precambrian to Quaternary, including both igneous and sedi-

mentary rocks, characterized by a mineralogical assembly com-

posed of various clay and alteration minerals. The stratigraphy

of the park was mapped by [37] and the lithology, mineralogy,

and land forms are well documented (e.g., [38]–[42]). The

topography of the research area is generally flat to moderate

with height differences of up to 700 m.

B. Data Preprocessing

Four Hyperion images, covering the vicinity of the Arava

Rift Valley were used for developing the proposed methodol-

ogy. These images (referred hereafter as Kz, Kk, Ke, and Ki)

(Fig. 1) are of different dates, location, and viewing angles.

Furthermore, the view angles diverse from east to west in

several images and from west to east in others. In order to

achieve significant spectral signatures of the ground features,

several preprocessing steps were applied, including radiometric

calibration, noise reduction, and atmospheric correction.

The radiometric calibration was performed according to the

manufacturer’s instructions [36]. Noise reduction operations

were then applied, in order to remove artifacts related to bad

pixel phenomena and other factors for improving data SNR

[14], [19], [43]. The striping effect, resulting from the Hyperion

pushbroom system (bad pixels), was corrected by using a local

destriping approach. Bad pixels were located and removed

by using the nearest neighbor algorithm [6], [14], [16]. MNF

transformation was applied to segregate noise from the data

[8]. These noise-reducing procedures, however, were not set

to remove the smile effect, to be discussed in the next sec-

tion. Hence, the data were not yet subjected to atmospheric

correction.

C. Smile Correction Approach

Any smile correction methodology must consist of at least

three stages: 1) smile detection and quantification; 2) correction

of the detected cross-track variation; and 3) evaluation of the

correction performance in light of the user requirements. As

noted, Hyperion prelaunch smile estimates are inapplicable, as

the smile appearance varies from scene to scene [20]. On the

other hand, the MNF-1 gradient does not fully represent the

smile effect [4]. Therefore, the smile effect must be determined

according to inherent per scene indicators. Previous methods at-

tempting to correct smile, such as column mean corrections (as

in global destriping), applying a polynomial correction to the

gray scale gradient in MNF-1, or even removing MNF-1 from

the data and fitting low-order polynomials as in “cross-track

illumination” [4], [9] are reported to result in distortion of the

spectra [16]. Therefore, a precise modification to the MNF-1

band, based on the evaluation of the smile effect according to

absorption features of well-mixed gases, is suggested.

The hypothesis behind this methodology takes into con-

sideration the fact that MNF-1 consists of both spatial and

spectral information. Therefore, its correction, according to

exclusively spectrally derived parameters (e.g., atmospheric

absorption features) will account for the smile effect in the

data. Assuming that by isolating the spectral curvature effect

component appearing in the first MNF and implementing a

correction to it, the effect will be removed from the data

during the inverse MNF stage with minimal influence on

the spatial components that may contribute distortion of the

spectra. The rationale of the described approach is to suggest an
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Fig. 2. Flowchart of the proposed TLSC methodology.

image-based spectral correction, for the main purpose of pro-

viding smile-corrected radiance data.

In order to evaluate the validity of this image-based ap-

proach, the procedure was carried out on four different images,

acquired on different dates and viewing angles. A flowchart

demonstrating the methodology is shown in Fig. 2. It includes a

smile detection procedure that is performed by spectral compar-

ison of the radiance image to the radiative transfer absorptions

and by locating the minimal smile column in the data. The

TLSC modifies the MNF-1 band according to the calculated

smile drift from the minimal smile column. The corrected

MNF band is than inserted into the inverse MNF procedure,

converting the coherent data back to radiance values. The final

stage is a spectral comparison to MODTRAN for validation

purposes.

D. Smile Detection

As previously explained (Section I-A), quantifying and cor-

recting the smile effect in an individual image requires internal

indicators. Therefore, it is necessary to define image-based

parameters that will represent the smile effect as precisely as

possible, beyond the MNF-1 procedures previously suggested

[4], [16]. According to several works [7], [15], [23], [25], [33],

absorption features of well-mixed gases, appear in both VNIR

and SWIR regions (e.g., O2 and CO2, respectively); they are

intense and lie within the relatively high-SNR spectral regions

and, therefore, can be used as internal indicators for the smile

effect. The well-mixed gas absorption features are limited in

number; however, unlike surface features, they are relatively

homogeneously spread across the image particularly in flat

Fig. 3. O2 absorption curves around 772 nm of selected column means, across
the scene Kz. Note the change in the angle of the slopes on both shoulders of
the curves.

terrain areas [20]. Consequently, the O2 absorption near 760 nm

was used to assess the smile effect in the VNIR region, while

CO2 absorption, at 2012 nm, was used for the SWIR. It is

assumed that their spectral features are relatively similar and

stable across the detector line array (columns).

A direct measurement of variation in the position of the

absorption features across the Hyperion data set is not feasible,

since the bands are centered in fixed locations. Furthermore, as

noted, the well-mixed gas absorption features are relatively ho-

mogeneous and, therefore, do not exhibit pronounced changes

in depth. However, a notable change in the angle of the slopes,

on both sides of the absorption curve (shoulder), was apparent

at different columns across the image (Fig. 3). Therefore, in

order to detect possible cross-track variation in O2 and CO2

absorptions due to smile, the first derivative of the right-hand

side shoulders (B′) was calculated per pixel as follows:

B′ =
B2 − B1

FWHM
(1)

where B1 is an absorption band image, B2 is the following band

image (right shoulder), and FWHM is the average FWHM of

these two bands. The calculation was applied to both O2 and

CO2 absorption band images for all four scenes.

When examining the column mean derivative values of the

O2 (i.e., B1 = 772-nm band and B2 = 782-nm band) and CO2

band images (i.e., B1 = 2012-nm band and B2 = 2022-nm

band), shown in Fig. 4(a)–(d), the cross-track nonlinearity

variation is seen for O2 average cross sections, as typically
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Fig. 4. Column mean derivative values of O2 around 772 nm and CO2 around
2012-nm band images of Kz, Kk, Ke, and Ki scenes (a, b, c, and d, respectively).

obtained from the gray scale scene in MNF-1 band images.

In all data sets, O2 derivative values vary on both sides of the

image and particularly, on the right-hand side. These findings

demonstrate the nonsymmetric nature of the smile effect and

its relation to the spatial location in the image (the field of

view). Fig. 4 also suggests that in all four data sets, the smile

effect is mostly dominant in the VNIR region, while the CO2

derivative column mean displays only random noise, rather than

significant cross-track nonlinearity variations. This stands in

good agreement with other findings reported for the Hyperion

data (e.g., [5], [20], and [21]). Based on these results, the steps

detailed below were applied to the VNIR spectral region alone.

One of the challenges for correcting smile in an individual

scene is determining which columns of the image are not dis-

turbed by smile, referred hereinafter as minimal smile columns

(MSC). Being an image-based correction, the smile detection

method described here is based on the cross-track variance from

the minimal smile column. For that purpose, O2 absorption

features across the image were correlated with MODTRAN O2

absorption features. MODTRAN radiance spectral absorptions

were calculated for the time and location of the Hyperion

scenes acquisition. Input information for MODTRAN included

the Sun’s azimuth, elevation, and zenith and the horizontal

visibility (all obtained from Aeronet data of the region). Bright

sand reflectance taken in situ (used also for EL) was chosen

as background spectra (pixel). As the comparison between

image reflectance and MODTRAN at sensor reflectance was

done specifically to the gas absorption regions and by using a

local derivative, no normalization had to be applied other than

spectral resampling according to the Hyperion VNIR sensor.

Comparison of the MODTRAN derivative values and the

image-based ones detected the location of the MSCs at columns

173, 32, 46, and 85 for the Kz, Kk, Ke, and Ki images, respec-

tively. The MSCs served as reference factors in the correction

methodology. Other authors have described similar smile detec-

tion methodologies that utilize atmospheric absorption features

[5], [20], [25], [26], [33]. However, the technique described

here differs from these methods, both in the detection and

correction approaches as will be further discussed in the flowing

section.

E. TLSC

The conditioning of the data in the correction methodology

involved moderate adaptation to the MNF transformation. Pa-

rameters for these adaptations were derived according to the

cross-track distance from the MSC mean derivative value. For

that purpose, mean derivative values of O2 absorption were

calculated for each column and compared to that of the MSC,

formulating the smile function. A second-order polynomial

function, referred hereafter as trend line (TL) was fitted to the

smile function. The TL function was then scaled according to

the MNF-1 values. Adaptation in the current study was simply

performed by arithmetical addition and subtraction, rather than

the accustomed polynomial fit [4], [9]. Moreover, the MSC was

used for fine-tuning of the smile drifts. It is intended to prevent

smoothing and maintain the spectral uniqueness of each pixel,

while correcting the smile disturbance. Equation (2) formulates

the calculation, termed hereafter as TLSC

MNF-1TLSC = Σ(XMNF + (−TLCX) ± ∆MSC) (2)

where MNF-1TLSC is the corrected MNF-1 band image, XMNF

is the MNF-1 band image pixel, TL(CX) is the TL scaled to

MNF values (calculated for the column at which XMNF is

located), and ∆MSC is the remainder of the output column

from the calculated MSC ratio.

The original MNF-1 band image, where the gray scale ab-

normal gradient appears [Fig. 5(a)–(d)], is then replaced by

the corrected band [Fig. 5(e)–(h)]. According to the inverse

MNF procedure, selected MNF bands (including the corrected

MNF-1) are reconstructed backward to the radiance image

domain [24]. The final stage of the TLSC is validation of the

results. It is performed by comparing the obtained image deriv-

ative values with that computed for MODTRAN, by means of

variance. The comparison is performed both for O2 (672 nm)

and H2O (833 nm) absorption features’ right shoulders. There-

after, the resulting radiance TLSC image is subject to fur-

ther processing, such as atmospheric correction and thematic

classification.

F. Atmospheric Correction

Whereas the results of the aforementioned steps can be

further used to correct the image for atmospheric attenuation by

various model-based methods, in this paper, the Atmospheric

Correction Now (ACORN) model [30] was used. Ground truth

samples, which included different land covers and surface

components of several rock types, were measured using an

Analytical Spectrometer Devices field spectrometer [44], both

in the field and in the laboratory. The empirical line (EL) tech-

nique [45], based on selected spectra, was used for refining the

atmospheric correction. EL calibration forces the image spectra

to match reflectance spectra collected from the field, specifi-

cally a dark and bright target. The targets selected for the EL

correction were chosen mainly according to their cross-track

location and spectral albedo. The selected bright target was

Authorized licensed use limited to: BEN GURION UNIVERSITY. Downloaded on July 06,2010 at 10:31:01 UTC from IEEE Xplore.  Restrictions apply. 



2608 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 48, NO. 6, JUNE 2010

Fig. 5. Comparison between original MNF-1 band images [(a)–(d)] and the
TL-corrected ones [(e)–(h)] for Kz, Kk, Ke, and Ki scenes.

sand, located in column number 10 and the dark one was

porphyry granite at column 167. Both were collected from

homogeneous areas and do not significantly lose their original

properties due to transportation. Both locations are relatively

close to the minimal smile columns. The final output product of

this stage was a noise reduced reflectance Hyperion image.

G. Classification

In order to differentiate among rock formations within the re-

search area, several classification methods embedded in ENVI

software [35] were applied. The pixel purity index (PPI) [46]

was used to find the most “spectrally pure” pixels (endmem-

bers) in the image. The results of the PPI were used as input

for the n-Dimensional Visualizer tool in ENVI [47]. The coor-

dinates of the points in n-space consist of “n” values that are

the spectral reflectance values in each band for a given pixel.

The distribution of these points in n-space was then used to

estimate the number of spectral endmembers and their pure

spectral signatures. Fifteen endmembers were extracted from

the aforementioned stage and introduced into the spectral angle

mapper (SAM) supervised classification method [47], [48],

which was applied to the images before and after correction.

The SAM method uses an n-dimensional angle to match pixels

to reference spectra. The advantage of this technique lies in the

fact that it is relatively insensitive to illumination and albedo

effects [49]. The final output product was a thematic geology

map. The classification procedures were performed on both the

TLSC reflectance image and a noncorrected reflectance image

of the research site (both include the EL correction).

III. RESULTS AND DISCUSSION

A. Smile Correction Results

One of the immediate outcomes of the TLSC procedure is

reduction of the near atmospheric absorption spikes, as shown

Fig. 6. Example of a VNIR reflectance spectral curve of an image pixel
(Ke, x:11, Y:331) (thin line) before and (thick line) after TLSC correction. No
EL or any other smoothing was applied.

in Fig. 6. This figure shows an example of a VNIR reflectance

spectral curve, before and after TLSC correction and prior

to the EL smoothing. Note the diminution of spikes near the

atmospheric water-vapor absorptions at 940 µm, which, in cur-

rent data sets, were more dominant than spikes near the 760-µm

absorption.

The effectiveness and accuracy of the TLSC performance

was quantified by calculating the O2 derivative of the TLSC

radiance output image and comparing it with a MODTRAN

derivation of the same band. A similar analysis was also per-

formed for H2O absorption feature at 823 nm. In both cases,

the spectral match was determined by computing the deviation

Deviation =
√

(n − MODTRANn)2 (3)

where n is the column’s mean derivative and MODTRAN is

the respective MODTRAN derivative. Therefore, lower cross-

track deviation indicates less smile interference in the data.

Fig. 7(a)–(d) shows O2 spectral cross-track deviation before

and after the TLSC, revealing the finding that the cross-track

deviations of the corrected O2 absorption features are, on

average, seven times lower than the original for all data sets and

up to 12 times lower for the right-hand side. For the H2O ab-

sorption case [Fig. 7(e)–(h)], TLSC data sets showed a decrease

in deviation by two and ten for the average and for the right-

hand side, respectively. H2O deviation values were generally

higher. This may be either the outcome of abnormalities in

water vapor, a miscalculation of water vapor carried out by

MODTRAN for this specific data set, or a lower degree of

correction for this spectral region. As the water vapor for all

data sets was extracted in the ACORN atmospheric correction

procedure and was found to be consistent, it is assumed that

a combination of the second and the third explanations is the

main reason for the higher deviation.

Results of the TLSC were also compared to available meth-

ods commonly used in the preprocessing of Hyperion data,

i.e., the “cross-track illumination correction” module of ENVI,

originally designed to remove the cross-track illumination vari-

ation of an image, and the polynomial smoothing correction,

frequently applied to the MNF-1 band. Fig. 8 shows the cross-

track deviation of derivative values of O2 [Fig. 8(a)–(d)] and
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Fig. 7. Deviation of O2 column mean derivative values (around 772 nm)
from the minimal smile column value across Kz, Kk, Ke, and Ki scenes [(a),
(b), (c), and (d), respectively], (in gray) before and (in black) after the TLSC.
Respectively, (e)–(h) present the results for H2O (at 823 nm).

H2O [Fig. 8(e)–(h)] from that of the minimal smile column,

for the tested correction methods. The polynomial and cross-

track illumination correction methods exhibit higher values of

deviation compared to those derived by the proposed TLSC

procedure, except for one data set (Kz), where values of the

O2 absorption were similar [Fig. 8(a)]. Quantitative values of

the deviations are presented in Table I. It can be seen that, on

average, the TLSC reduces the cross-track variations by a factor

of eight for both absorptions. TLSC exceeded the cross-track

illumination correction (ENVI) on average by a factor of six

and the polynomial MNF-1 smoothing correction by a factor of

nine (Table I).

Subsequent to applying the ACORN atmospheric correction

in conjunction with the EL method, a final evaluation of the pre-

processing effectiveness was carried out in terms of reliability

of the reflectance spectra for classification of the research area.

In order to verify that the main contribution to an improved

classification comes from TLSC, rather than the EL correction,

the comparison of classification results for the noncorrected and

TLSC data sets was performed subsequent to the EL correction

as well as MNF procedure.

The thematic classification procedure was first applied to

VNIR reflectance images processed by ACORN and EL cor-

rection, both to the noncorrected and the TLSC images. Fig. 9

shows the core of the difficulty tackled in the current research.

As can be seen, the classification results prior the TLSC pro-

cedure [Fig. 9(a)], distinguish between most of the different

Fig. 8. Standard deviation of O2 column mean derivative values (around
772 nm), from derivative values of the minimal smile column value across
Kz, Kk, Ke, and Ki scenes [(a), (b), (c), and (d), respectively], subsequent to
different smile corrections: the (gray) polynomial fit correction, the (thin black)
ENVI cross-track illumination correction, and the (thick black) TL correction.
Respectively, (e)–(h) present the results for H2O (at 823 nm).

classes (rock types) appearing in the research area, excluding

the right-hand side of the image, for which only one class was

assigned. However, in the classification results of the TLSC

image [Fig. 9(b)], several different classes appear. The final

classification map, produced using both TLSC VNIR and the

SWIR spectral regions, resembles the 1 : 50 000 geology map

of the research area (mapping results will be elaborated on in

a separate paper), indicating that the TLSC improves spectral

reliability to a level that significantly increases the thematic

mapping potential of the Hyperion data.

IV. SUMMARY AND CONCLUSION

Theoretically, the Hyperion data should provide improved

geological information that currently cannot be obtained by any

other space borne system. Nevertheless, the Hyperion data were

found to be relatively noisy (average SNR of 40), in which

significant smile effects were embedded that were difficult to

handle by the common end-user. A straightforward method to

detect and correct the smile effect is suggested in this paper.

First, the VNIR and SWIR sensors were examined for the

smile effect magnitude and then, a conceptually new correction

method termed TLSC was applied. For the current data, only
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TABLE I
DEVIATION OF THE DERIVATIVE VALUES OF O2 ABSORPTIONS (AT 772 nm) AND H2O ABSORPTIONS (AT 823 nm) FROM DERIVATIVE

VALUE OF THE MINIMAL SMILE COLUMNS IN DIFFERENT IMAGES AND ACCORDING TO DIFFERENT CORRECTION METHODS:
1) NONCORRECTED IMAGE; 2) POLYNOMIAL CORRECTION; 3) ENVI CROSS-TRACK ILLUMINATION CORRECTION;

AND 4) TLSC. AVERAGED VALUES OF BOTH THE RIGHT-HAND SIDE AND THE ENTIRE IMAGE ARE PRESENTED

Fig. 9. VNIR-based classification after atmospheric and EL correction, for
(a) nonsmile-corrected and (b) TLSC images.

the VNIR sensor was found to have a significant smile effect

and therefore, this element was further studied.

The concept of TLSC is based on assessing the smile effect,

using image-based cross-track derivation values of atmospheric

absorption features, according to which, normalized parameters

are arithmetically subtracted or added to the MNF band that

embodies smile noise (commonly the first MNF). In this man-

ner, the MNF band image was modified strictly according to

image-based spectral parameters, while keeping its originality.

The TLSC MNF band image was finally used to reconstruct

the original radiance image to provide smile-corrected radiance

data. Evaluation of the smile effect correction performance was

carried out in three stages: 1) matching O2 and H2O absorption

features across the data set with MODTRAN absorption fea-

tures; 2) comparison with other commonly used methods; and

3) comparing spectral retrieval of selected targets with thematic

mapping of the Dana Geology National Park area in south-

eastern Jordan. At each stage, the TLSC results consistently

and significantly outperformed the noncorrected data and other

methods tested. In addition, TLSC significantly reduces spikes

near 940-nm water-vapor absorption region, implying that al-

though TLSC does not deal directly with band-to-band smile

differences, by using MNF the correction is applied to all bands.

The success of TLSC in correctly revealing geological fea-

tures over four particular scenes is encouraging. It is likely

that correction of Hyperion data over other homogeneous arid

areas would yield positive results. It is admitted, however,

that until the proposed method be successfully tested on other

environments and acquisition conditions it is not robust. The

TLSC should be examined for the cases of: (a) airborne imaging

spectrometers; (b) low to medium smile; (c) rough terrain;

and (d) in the presence of particular spatial patterns such as

those of clouds or coastal lines. These all are subject to future

research. Finally, it is our hope that the effectiveness of TLSC

will improve the accessibility of Hyperion data and possibly, of

future pushbroom hyperspectral spaceborne missions.
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