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Preprocessing, Feature Extraction and Lithologic
Mapping Using EO-1 Hyperion Data
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Abstract EO-1 Hyperion sensor is the first spaceborne hyperspectral instrument te acquire both. VNIR and SWIR spectra.
A Hyperion image which covers the middle part of the southeastern Chocolate Mountains district and the Rainbow mine area
was used to evaluate the utility of Hyperion imagery in identifying gold-related rock units in this area. A group of pre-
Tertiary gneiss appears to be the favorable host of gold deposits in the district. Satellite mapping of gold-associated lithologic
units is helpful for the search for gold and understanding the regional geology. Pre-processing aspects of Hyperion data
before it can be used for information extraction were first addressed in the study. The data dimension was reduced for data
redundancy removal and feature extraction. A supervised classifier was finally used to extract the lithologic units that are
significant for gold exploration in the study area. The result shows that MLC classifier is efficient for the extraction of
lithologic units from the Hyperion data in the study area, and the resultant rock units have excellent correlation with those
on the geologic reference map. The MLC classifier creates a “hard” classification with an overall accuracy of 86% and a
Kappa coefficient 0. 81. This case study indicates that Hyperion data can achieve accurate mapping of gold-associated rock
units in the southeastern Chocolate Mountains.

Keywords EO-1 Hyperion, lithologic mapping, vertical stripe noise, feature extraction

hEES¥KE: TPIS1 XWIRIAE: A X EHR S 1006-8961 (2007 )06-0981-10

EO-1 Hyperion ¥#EfI B4 2 LRIV S R EM R

WP PAZNER Micha”
D (JbR kBB CIS TR, bR 100871) D (MEATLAMAL, BT, MEK, N6A 5¢2)

#i ¥ EO-1 Hyperion {25 2% — W LUK WO 5 T 4141 LR K B 40 40 8 4 8 B G 15 B B 8 ok 3%
. AXUXEREMET R X2 —, AR EMARESTEH 1L E Rainbow £ 5" KA NHREH, BT T
Hyperion $UR AL F ¥k, ¥ M5 BB S B , ¥4 T Hyperion B LM KEA RIS ST H XN S HEL MK
BEFAM . HRFH A SCHT R I Hyperion 303 TAL B 07 3 24 B , MNF J5 8 88 A 20 F T Hyperion 3048 48
BRI A BUE TR I 2 BR DU R 20 MR IR B . B K BLAR 40 K 2R BB A b A Hyperion B RIS I PR S &
PHXMERASRER, BN EEE TS FE EXMENEESHREEMREN 8. SEIRHEHEEN
86% o HBFF KM, Hyperion 86k B REB RN HE MHOCE R M B, AW ARE LW R SR UBE &
B4 I L P R %

X§iR EO-1 Hyperion AHIE BEHAWHRSE FHEREK

such as the Airborne Visible/Infrared Imaging
1 Introduction Spectrometer ( AVIRIS ) have provided a wealth of
information on terrestrial materials''’. Examples of

For nearly two decades, hyperspectral sensors successful applications of hyperspectral imagery to
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difficult tasks include small target detection, material

identification, discrimination among very similar

classes, and estimation of biochemical or geophysical

(2J However, high cost and unavailability

parameters
of airborne hyperspectral data partly constrains the
utility of hyperspectral data. The Hyperion sensor on
board the NASA Earth Observing 1 ( EO-1)
satellite®*! is the first spaceborne hyperspectral

instrument to acquire both visible near-infrared
(VNIR) and shortwave infrared (SWIR) spectra. The
EO-1 satellite co-orbits with the Landsat-7 satellite and
Terra satellite. Hyperion is a pushbroom sensor with
two spectrometers and a single telescope. Hyperion
acquires 256-pixel images with a normal pixel size of
30m on the ground over a 7. 65-km swath™®’. The first
Hyperion spectrometer has 70 channels in the VNIR
wavelength range, and the second one has 172
channels in the SWIR wavelength range. The spectral
resolution is 10nm, which is identical to the AVIRIS
sensor. Hyperion and future operational spaceborne
hyperspectral data have better availability potential and
may be used as a substitute for airborne hyperspectral
data in some applications such as lithologic and mineral
mapping. Compared with spaceborne multispectral
instruments, hyperspectral sensors have several
potential advantages. First, they can provide abundant
spectral information and access to detailed spectral
indexes based on surface reflectance, thus having
better discrimination among similar materials. Second,
they have an enhanced level of information for
atmospheric correction to derive surface reflectance.
Spectral remote sensing has the potential to
provide detailed information of mineralogy, chemistry
and morphology of the Earth’ s surface as well as other
Mars. The

hyperspectral and multispectral imagery for mapping

celestial bodies such as utility  of

surface geological compositions has been known for

[6~11]
many years

. Lithologic, mineral assemblage and
regolith mapping are some of the most prevalent
applications of airborne hyperspectral data such as
AVIRIS. A comparative study'’” between Hyperion
and AVIRIS data for alteration rock mapping shows that
produce useful

the Hyperion imagery can also

mineralogical information. Currently several digital

image processing methods can be used for remote

sensing geological information retrieval, including band
ratios, log residuals, spectral curve matching, spectral
classification and partial unmixing. A considerable
body of literature has addressed the usefulness of
airborne hyperspectral data in lithologic mapping and
mineral discrimination of highly altered rocks'**'>""*!,
but with relative few studies using Hyperion to extract
lithologic information for gold exploration in a low-
angle-detachment-fault area.

The methods for lithologic/mineral mapping from
hyperspectral imagery can be grouped as pixel and
subpixel based. The former includes band ratios, log
residuals, spectral angle mapper, spectral correlation
mapper, spectral matching, and spectral classification.
Subpixel analysis utilizes spectrally unique materials,
termed endmembers'"*’ to unmix the mixed pixels in a
scene to obtain subpixel compositions. These methods

131 , matched

[18}

mainly include linear spectral unmixing!'*’

(1671 " and mixture tuned matched filtering

filtering
Most the state-of-the-art methods have been integrated
in both RSI ENVI and ERDAS IMAGINE systems. The
USGS TerraCoder is a typical implementation of
spectral-shape matching.

The objective of the study is to examine the utility
of Hyperion imagery in identifying gold-associated rock

11 An area

units in a low-angle detachment fault area
of the southeastern Chocolate Mountains, California
was used as a case study to demonstrate the utility of
Hyperion data in identifying gold-related lithologic
types. Pre-processing aspects of Hyperion data before
it can be used for information retrieval is addressed first
in Section 3. The dimensionality reduction of Hyperion
cube and supervised classification were performed and
are discussed in Section 4. Finally the research work is

summarized and concluded in Section 5.

2 The Study Area and Geologic Setting

The southeastern Chocolate Mountains mineral
district is located in the southeast part of Imperial
County, California, centered about 16 miles north of
Yuma in the extreme southeastern end of the Chocolate
Mountains. The area contains the Picacho and Potholes
districts and is bounded by the\limits of the range on

the south, by the Colorado River on the east and
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north, and by the Carrizo Wash on the west'™’.

From
this district came the early mineral production of gold
in California. The southeastern Chocolate Mountains
district has been mined for lode and placer gold,
19200 A subset of the

Hyperion scene covers the middle part of this area from

silver, lead, and copper

southwest to northeast. Fig. 1 shows the location of the
study area and the generalized geologic map of the

Hyperion coverage.
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(a) The locationof  (b) G lized geologic map of the
the study area study area(after Morton 1977)

Fig.1 The study area and geologic setting

The oldest rock unit exposed in this area is quartz
biotite gneiss, which is tentatively correlated with the
Precambrian Chuckwalla Complex ( me ) ®? . The
next youngest rock unit is Mesozoic Orocopia Schist
(mso) , which crops out in a several-square-mile area
bordering the Colorado River from Picacho to Ferguson
Lake. By far the most abundant rocks in the area are
Tertiary volcanic rocks of widely variant composition
and types. The Pliocene basalt flows( Tv*) cap most of
Wash and the

southwestern limit of the range. Most of the volcanic

the mountains between Senator
and pyroclastic rocks ( Tv) crop out in a wide west-
northwest-trending belt extending from the Colorado
River between Ferguson and Senator Wash all the way
to the western limit of the southeastern Chocolate

Mountains district. A small portion of unsorted early

Tertiary sedimentary breccias ( Tbr) and pre-Tertiary
granitic rocks (gr) was observed at the southeastern
corner of the study area.

The lode

pre-Tertiary in age; none of the volcanic rocks appear to

gold deposits of the district are

be associated with the mineral deposits as they are in

[20]

some other southern California areas Based on

recent studies''”’

, the controls and origin of the deposits
are largely related to “low-angle detachment faults”.
Most veins are deposited along distinct fault planes.
Based on the analysis of the existing mines, prospecting
for lode gold in the southeastern Chocolate Mountains
district should be focused in pre-Tertiary metamorphic
rocks, among which gneiss appears to be the more
favorable host of gold deposits in the study area.

The gold mineralized gneiss is found immediately
below the Tertiary volcanic rocks. Gneissic rocks
(Chuckwalla Complex: mc) exposed in the study area
are quartzofeldspathic gneisses which exhibit local
variations in grain size, biotite content, and minor

1 1o map these rock units(Tab. 1)

phase mineralogy
is significant for searching for gold and understanding
the regional geology. This study assessed the
usefulness of EO-1 Hyperion satellite hyperspectral
data for gold exploration by mapping related lithologic
units in the district. For this purpose, one scene of
Hyperion data acquired by the satellite EO-1 on April

9, 2002 was used.

Tab.1 Significant lithologic units in the study area

Traini
Rock Types Compositions reining

samples

moderately to  poorly  sorted,
Tc: Clastic rocks lidated sil , dstone, 412
and conglomerate

Fine-grained basalt and minor

Tv® ; Basalt flows 450

interbedded conglomerate

Various voleanic rocks such as
intrusive( Tv* ) , pyroclastic ( Tv* ), 460

andesitic( Tv" ) , ete.

To/To"
Volcanic rocks

Pale, gray-yellow, poorly sorted

Tor.
T breccias, largely metavolcanic and 410

Tectonic breccia N
metasedimentary rocks
Biotite granite, leucigranite, quartz

.. . 415
diorite, quartz monzonite

gr: Granitic rocks
Sericite albite schist, quartz sericite

schist, biotite schist, phillite, 475
quartzite, and actinolite schist

mso:
Orocopia Schist

me: Quartz diorite gneiss(mc) , foliated

Chuckwalla Complex hybrid granitic rocks, and granophyres #10
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3 Preprocessing of Hyperion Data

The Hyperion VNIR sensor has 70 bands, and the
SWIR has 172 bands, totaling 242 potential bands.
Bands 1 to 7, 225 to 242, and the spectral band
overlap region ( bands 58 to 76 ) between the two
spectrometers were intentionally not calibrated. As a
result, only 198 bands have been provided in USGS
Hyperion Level 1 products, and the other bands are set
to zero values in the new USGS HDF format during the
Level 1 processing'”’’. Among the 198 bands, there
are four remaining bands in the overlap between the
two spectrometers. They are VNIR bands 56
(915. 7nm) and 57(925.9nm), and SWIR bands 77
(912.5nm) and 78(922.6nm). Usually two of them
are removed to obtain 196 unique bands. In this study,
bands 8 to 56, and 78 to 224 were selected.
Furthermore, by visual inspection of the 196 unique
bands, the atmospheric water vapor absorption bands
can be easily identified because almost all of the
incident and reflected solar radiation were absorbed in
these bands. The bands(121 to 126, and 167 to 178)
were eliminated and the subset of 178 bands ( quality
level >2 in Fig.2) was obtained for further analysis in

the study.
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~+1:No calibration 2:Vapor bands 3:Many stripes 4:Few stripes 5:Good bands

Fig.2 Initial assessment of band quality

of the Hyperion scene

The Level 1 product provided by USGS includes
corrections that remove dark current bias effects and
correction steps for “bad pixels”. The pixel-and band-
dependent calibrations have been adjusted over the life
of the sensor and represent a well-balanced set of
calibrations through effective use of solar, lunar,
intersensor, and vicarious methods. However, there is
some remaining noise such as vertical stripes and

spectral “smile”. Vertical stripes in particular need to

be pre-processed prior to information extraction from
the Hyperion image cube.
3.1 Destriping

For pushbroom instruments ( e. g. Hyperion), a
poorly calibrated detector in either the VNIR or SWIR
arrays may leave a vertical “stripe” in a displayed
image band'”'. This may be caused by factors such as
detector nonlinearities, temperature effects, movement
of the slit with respect to the focal plane, and
calibration of some detectors with significantly modified
gain and offset. Approximately 30% of the Hyperion
image bands used in the study area has more or less
vertical stripes. According to their appearance and
digital numbers( DNs) , the vertical stripes in Hyperion
Level 1B products can be: continuous with a constant
negative or positive DN, and intermittent patterns with
different negative DNs or different positive DNs. The
former are usually stronger and go through the whole
columns, while the latter are relatively weak and
discontinuous. As reported in literature, four methods
are usually used to remove the vertical stripes of
Hyperion Level 1 data: interpolation of the immediate
left and right neighbors, histogram matching'* ">,
fraction ( MNF )

[25]

forward-inverse minimum noise

transformation, wavelet transformation"”" , and Fourier

%1 The histogram matching method first

transform'
constructs the histogram for each detector unit, and
takes one response as the standard, the gain and offset
for all other detector units are suitably adjusted and

new DN values are computed'”.

The experiment
shows that this approach can destripe the Hyperion
image and produce good visual effect, but the change
of original radiance values may distort the data and
consequently reduces the classification accuracy. In the
third method a forward MNF transformation is first used
to “whiten” the striping noise and transform the noise
into higher numbers of MNF bands. Low-frequency
filters such as median filter may be then applied to the
noise bands, or the noise bands are just set to zeros. A
subsequent MNF inversion transformation is applied on
the processed MNF bands, and the radiance data bands
can be obtained with reduced stripes. This MNF
transformation based approach is efficient for removing
the aforementioned second type of image stripes, but

some low probability information may also be taken as



LR

noise and removed from the data set. Fourier transform
can be used for noise removal but need much human
interference during the processing of each band, thus it
is very time-consuming.

The continuous stripes are usually very distinct and
go through the entire columns. They are so strong that
the MNF transformation even can’ t remove them. Thus,
the average interpolation of the immediate left and right
neighbors was used to replace the problematic columns
in the study(Fig.3).

Stripes

(b) after

(a) before

Fig.3 Removal of vertical stripes using interpolation

Bands 8 to 13, 94, 99, 116, 119, 137, 188,
193, 194, 200 to 203, 213, 214, and 222 were
If the

vertical stripes are caused by intermittent different

destriped using the interpolation approach.

positive or negative DNs, they were removed using the
forward-inverse MNF transformation approach. A
portion of the image of band 79 is used to show the
effect of the destriping( Fig.4).

(a) before

(b) after

Fig.4 Removal of vertical stripes using MNF transformation
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The destriping process significantly improves the
visual effect of noisy bands. The MNF analysis shows
that both the broad low-frequency effect and the local
stripes have been reduced and the image is visually
clean, and a higher number of MNF bands become
clear as compared to the original MNF bands. Due to
the fact that destriping processing may introduce new
noise into the data set and subsequently reduce the
accuracy of output from a classifier, some bands are
very noisy such as 8, 9, 78 ~84, 97, 98, 119, 120,
127 ~ 133, 185, 186, and 224, and were also
excluded from the data set. Consequently, only 154
bands were used for the further image analysis in the
study.

3.2 Atmospheric Correction

Atmospheric correction is used to remove the
atmospheric effects and transform the radiance at sensor
to apparent surface reflectance. This correction is a
prerequisite to most hyperspectral imagery data analysis
approaches, especially when curve shape matching is
(12,27,28] . Three
relevant atmospheric correction software packages are
the Atmospheric REMoval program ( ATREM ),
Atmospheric CORrection Now( ACORN) , and the Fast
Line-of-sight

made with laboratory or field spectra

Atmospheric  Analysis of Spectral
Hypercubes ( FLAASH ). These programs are usually
used to correct hyperspeciral radiance data at sensor to
surface reflectance in the analysis of hyperspectral
data. Atmospheric correction methods basically follow
the radiative transfer model’, and each of the
programs uses a slightly different version of algorithms.
ACORN utilizes MODTRAN4 to estimate atmospheric
parameters and calculate water vapor on a per-pixel

[30]

basis'™ . ACORN is currently used for correction of

[31]

both airborne and satellite hyperspectral data'™ and

can produce high-quality surface reflectance without

[12]

ground measurements The Hyperion data for the

study area was converted to apparent reflectance using
ACORN at the Sensing Research Unit
(RSRU), University of California at Santa Barbara. It
appears that the

Remote

atmospheric effects have been
significantly reduced and the reflectance data can be
used for further analysis( Fig.5) , though some artifacts
have been

introduced during the atmospheric

correction.
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Fig.5 Spectral curves of vegetation( green grass) from the
Hyperion image before(at sensor) and after atmospheric
correction using ACORN, and compared with a curve

from the USGS spectral library

4 Extraction of Lithologic Units

4.1 Lithologic Classification

One drawback of maximum likelihood -classifier
(MLC) for hyperspectral imagery classification is the
Hughes Phenomenon because of the limited training
samples relative to the number of bands. For example,
given 196 bands hyperspectral data, at least 197 pixels
are mathematically necessary for calculating the
covariance/ variance. Another problem when applying
MLC to data sets with high dimensionality is that it is
difficult to make an accurate and stable estimate of the
statistics for the data set™ . Furthermore, hyperspectral
data generally have larger data redundancy than
multispectral data due to the narrow spectral sampling
of the bands. Fig. 6 shows the data redundancy of the
Hyperion data using correlation coefficient. The
coefficients along the diagonal are close to one, which
indicates higher information redundancy in the blocks,
while the off-the-diagonal blocks have smaller average
correlation coefficients, which indicates the bands in
off-the-diagonal blocks are relatively more informative
and less data redundancy. Thus, feature extraction
prior to classification is significant for successful use of
MLC. The approach for classifying the Hyperion
imagery is illustrated in Fig.7.

Minimum Noise Fraction( MNF) transformation"!
known as the noise adjusted principal components
transformation, is used to reduce the dimensionality of
the Hyperion cube and extract unique features for
MNF transformation

classification. The extracts

information dimensions relative to an assumed noise

Fig.6 Graphic representation of correlation matrix of the

Hyperion data( The figures in the image indicate average
correlation coefficients of the blocks, while the figures
on the side denote band no. and the wavelength

of the bands)

EO-1 Hyperion o Prep ing(Destriping
data "] and atmespheric correction)
y
Band selection/Feature
extraction using MNF
transformation
Y

Classification

Lithologic mapping

Fig.7 Flowchart of Hyperion data classification using MLC

structure in the hyperspectral data. After the

transformation, the Hyperion data was * noise-

whitened” and those MNF bands having eigenvalue of

53] Thus, the estimate

near one mainly contain noise
of noise level is critical for MNF transformation. Here a
“ shift difference ”

Environment for Visualizing Images( ENVI) system was

method as implemented in the

utilized to estimate the noise level of the Hyperion
cube. This method differences neighboring pixels
directly above and to the right of the base pixel, then
averages the values to obtain the base pixel’ s noise

[3]

value This process derives an estimate of scene

noise for use in the MNF transform.
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The noise estimate gathered using the shift-
difference statistics from a homogeneous area is better

B4 A region of

than that from the whole image
vegetation, water and homogeneous sand deposit was
used as “homogeneous” areas to estimate the noise level
of the Hyperion data, respectively. The three sets of
resultant MNF bands have a different number of
information bands and noise bands(Tab.2). As shown
in Tab. 2 more homogeneous samples can achieve a
better estimate of noise level. An estimate of noise
level derived from the vegetation sample or the whole
image is relatively poor and provides less variance of
the data. Based on the separability and visual check of
the noise bands, as well as the similarity of the noise
level between the samples and the image, 30 MNF
bands using the sand samples to estimate the noise
level can be extracted as features for the MLC

classifier.

Tab.2 Feature extraction based on different

noise level estimates

Samples for

Estimating the ~ Water body Green grass Sand  Whole image

Noise Level

Sum of 1459 832 1140 454
Eigenvalues
Number of

MNF Bands at 56 72 46 104

90% Eigenvalue

Number of MNF
Bands with >2.0 77 51 22 21
Eigenvalue

The training stage determines the performance of
supervised classifiers to some extent because the
statistics used in the MLC classifier is estimated from
the training samples. Two factors are important in the
training stage: the amount of training samples, and the
variation of selected samples for a class'>**!, The
minimum number of training samples is a concern in
supervised classification. A popular rule-of-thumb is
that there should be at least 5D to 10D (D is the
number of bands or features) training sample points for
caleulating the covariance/variance statistics!**"*!.
Otherwise the singular covariance matrix problem may
occur when the training sample size is not large enough

the number of bands used in the
[32]

relative to

classification In the case of the Hyperion data

classification, the MNF analysis was used to reduce the
features involved in the classification. The second
sensitive factor during the training stage is the
representativeness of the training samples. Because of
the large variation within a type of rock, the training
sites should contain the sub-types of the same rock
type. A stratification approach was adopted: first
classifying the sub-types as different classes then
merging them by post-processing. For example, the
volcanic rock Tv can be slightly different because of the
variation of mineral components, and subdivided into

T, Tv*, Tv', and Tv".

collectmg ground truth in some mountainous areas, and

Because of the difficulty in

prohibited access to a military training ground in the
study area, one-meter false color infrared aerial
orthophotos were used to aid visual identification and
orientation of surface features during the selection of
the training sites in the study. To select a good set of

[37]

training sites, the Bhattacharyya distance'” is used to

measure the separability during the training stage.

Bhatu,——(M M)" (M -M,) +

Vc +V,
det

o 2 (1)
275 [aa(V) fden(V,)

M., M, is the mean vector of class ¢, d

Where,
respectively. V_, V, is the covariance matrix of classes
¢ and d. The det operator is the determinant of a
matrix.

In addition to the use of expert’ s knowledge and
ground truth, the average Bhattacharyya distance was
used to aid the selection of training samples. If a set of
training samples can maximize the average
Bhattacharyya distance among the classes in question,
the training samples were used for the classification. It
was also empirically found that about 400 sample points
are optimal and a relatively stable estimate of the
covariance/variance matrix can be produced in the
case of 30 MNF bands involved in the classification
process.

The training samples for the seven rock types in
Tab. 1 were selected from the MNF bands of the
The 30 MNF bands were used as

features and the MLC classifier was applied to extract

Hyperion image.

the lithologic groups of the study area ( Fig. 8 (a)).
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Compared to the geologic map ( Fig. 8 (b)), the
significant lithologic units extracted from the Hyperion
image data show excellent correlation with that in the

reference map.

Clastic
RRKX Basalt

Voleanies

Breceia

1% Granite

LS
- Gneiss

Unclassified

@ gold_mines

(b) Generalized geologic map
(Morton 1977)

(a) Lithologic groups

of the study area

Fig.8 Lithologic groups extracted from Hyperion data

4.2 Accuracy Assessment

In order to assess the classification accuracy, the
classified image was geo-registered to the geographical
reference system of the geologic map of the study area.
An error mairix was generated for the MLC
classification result ( Tab. 3). The overall accuracy is
86.0% and a Kappa coefficient is about 0.81. The
best identified lithologic groups are Orocopia Schist
(mso), Granitic rocks ( gr), Tertiary volcanic rocks
(Tv), and Tertiary Basalt flows(Tv"). The Producer’
s accuracy of these rock units are greater than 90% .
But the User’s accuracy of granitic rocks is very low.
This is due to the fact that a rock unit in the northern
part is identified as granitic rocks rather than mso
because their spectral response is similar to rock type
gr on the Hyperion image. It was proven by the field
verification that the rock unit gr was not shown on the
geologic map.

The Chuckwalla Complex(mc) is one of the main
host rocks for gold deposits in the southeastern

Chocolate Mountains area, but some mc areas were

Tab.3 Accuracy of the MLC classification

Rocks

Tbr gr me Te Ty mso ™

User's 66 41 47 82 87 91 92
Producer’ s 35 95 64 36 91 90 91

Overall Accuracy =85.96% Kappa Coefficient =0. 81

misclassified as rock Tv’ from the Hyperion scene. The
mineral components of these two rocks are quite
different and should be classified spectrally. Field
investigation shows that the misclassification of these
two rock types is caused by the following reasons:
(D the narrow exposure of Chuckwalla Complex rock
in the study area extends along the northwestern
mountain slope, and is mostly overlain by the T%® rock
debris. @ The weathering and varnish of the gneiss
property. (3 Human

disturbance ( prospecting and mining) reworks and

rock dilutes its spectral
mixes the Tv’, me, Q, and Tc’ rock types together.
Consequently, the gneiss rock areas exhibit very
similar spectral appearance to Tv* on the Hyperion
image, and they are difficult to distinguish from each
other. The quaternary alluvium ( @, and Q,) are
unclassified because they are insignificant for gold
exploration.

The case study in the southeastern Chocolate
Mountains shows that certain lithologic groups can be
extracted from the Hyperion data using the proposed
approach. Also it highlights a problem with mapping
gr: a unit of gr close to the rock mso is not mapped on

the older geologic map.

5 Conclusion

This study investigated the utility of Hyperion

imagery for lithologic mapping in a low-angle
detachment fault area of the southeastern Chocolate

likelihood

classification was used to extract lithologic units. The

Mountains, California. Maximum
result shows that it is efficient for lithologic information
extraction in the study area. The MLC classifier creates
a “hard” classification with an overall accuracy of

8% . The study demonstrated that the "MNF
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transformation is useful to reduce the dimensionality of
hyperspectral data, and the MNF bands with larger
eigenvalues are usually extracted as classification
features. In the study, the first thirty MNF bands were
extracted for subsequent lithologic classification. In the
case of 30 MNF bands used in the classification,
approximately 400 sample pixels can produce a
relatively stable estimate of the mean and covariance
statistics. Using the average Bhattacharyya distance to
measure the separability of the classes can aid the
selection of “suitable” training samples in the analysis
of the Hyperion data in the study area.

The vertical stripes which exist in Hyperion
Level 1 data may occur as continuous entire-column
negative or positive DNs, and as an intermittent
columnar stripe pattern with different negative or
positive DNs. The former is usually strong and occurs
in relatively fixed column locations, while the latter
exists in a more random way. If the entire-column
stripes only exist in a few fixed columns, it is better to
mask them out prior to further image analysis.
However, in our case they were observed at 18
columns in the Hyperion image data of the study area.
Thus they were removed by averaging the neighboring
columns on the same band. With regards to the
intermittent stripes in the Hyperion data, a forward-
inverse MNF transformation was employed to reduce the
stripe noise. The study shows that case-dependent
destriping preprocessing can produce a better visual
effect of the classification result and have little impact
on the classification accuracy.

The

lithologic mapping shows that Hyperion can achieve

successful utility of Hyperion data in

excellent lithologic discrimination in a low-angle-

detachment-fault controlled geologic area. A
comparative study performed by the authors in the same
area shows that Hyperion data is more powerful in
discriminating some small classes such as Tertiary
breccia rocks than ETM and ASTER data. The
resultant lithologic map can be used in gold exploration
and regional geologic study in the south Chocolate

Mountains area.
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