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ABSTRACT: Modern sensor systems high in spectral resolution, such as the Airborne Imaging Spectrometer (AIS), are
challenging from an image-processing standpoint because direct classification of datasets with 100 or more spectral
channels is virtually impossible. Thus, it is necessary to conduct pre-classification manipulations and transformations
both to reduce the amount of data to be classified and to extract pertinent information from the original dataset. Band
moment analysis is a simple, computationally efficient, and productive alternative to principal-components analysis
(PCA), a technique commonly used for data reduction. Results from moment analysis of AIS-l data for western Nebraska
are compared to those derived from PCA. Although additional work is warranted, especially concerning the physical
meaning of individual moments, several advantages of moment analysis are documented including computational
efficiency, reduction of sensor noise, and an overall image quality which is at least as good as a first-principal-component
image.

INTRODUCTION

FUNDAMENTAL TO REMOTE SENSING is the concept of multi
spectral information providing quantitative signatures for

terrain features and land cover. Multispectral classification tech
niques are commonly employed for statistical identification of
these signatures and for sorting individual pixels into themes
that can be mapped (e.g., Jensen, 1986).

Classification algorithms for remotely sensed data are com
monly based on image-feature extraction. In the case of multi
spectral images, the simplest features are the pixel-brightness
values or digital numbers (DN) in each spectral channel sampled
by the sensor. These features are not, however, necessarily the
best to use for accurate classification because the signal can be
degraded by factors such as atmospheric attenuation and top
ographic relief (Robinove, 1982). Another problem is the fact
that per-channel DNs of a multispectral image are often highly
correlated, and thus are redundant in terms of information con
tent. Furthermore, the computational time needed for classifi
cation increases exponentially with an increase in the number
of variables (channels) analyzed. In some instances, the direct
classification of an original multispectral image is, for all prac
tical purposes, impossible when the number of bands is very
large. Thus, various pre-classification manipulations and trans
formations have been developed both to reduce the amount of
data to be classified and to extract the critical features from the
original dataset prior to actual image classification.

Principal-components analysis (PCA), one of the most com
mon pre-classification processing techniques for feature extrac
tion, serves to significantly reduce data dimensionality; Le., it
mitigates spectral redundancy (Siegal and Gillespie, 1980). Re
sultant principal-component images are uncorrelated and are
ordered by decreasing amounts of DN variance. Therefore, the
overall visual quality of component images decreases from first
to successive components. Because the DN variance is dimin
ished markedly from the first to second and subsequent com
ponents, most of the information present in the original
multispectral dataset is contained in the first-component image
(Moik, 1980). Thus, derivation of principal-component images
often provides advantages including (1) compressing data-set
variance into one or two images, (2) relegating noise to second
or lower-component images, and (3) occasionally highlighting
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spectral differences in surface materials which may not be ap
parent in the original individual channels (Sabins, 1987). When
one is presented with a very large number of spectral channels
to process, PCA can also be helpful in developing features for
input to conventional classification algorithms.

THE AIRBORNE IMAGING SPECTROMETER (AIS)

The imaging spectrometer program, initiated with NASA
funding in 1981 at the Jet Propulsion Laboratory OPL), has
developed high-spectral-resolution imaging sensors (NASA, 1987).
The first system to evolve from this program was the Airborne
Imaging Spectrometer-1 (AIS-1).

"AIS was built originally as an engineering test bed for two
dimensional infrared detector arrays operating in the 0.8 to 2.5
micrometre (11m) region" (Vane, 1987). AIS-1 data were first
acquired in 1983, and since that time, improved airborne systems
for imaging spectroscopy have provided scientists with "a
powerful new class of data for identifying and assessing the
characteristics of surface materials" (Vane, 1987).

The AIS-1 made use of a 32 by 32 element mercury-cadmium
telluride (HgCdTe) detector array to acquire simultaneously 128
images in very narrow (9.3 nm) spectral bands (Vane and Goetz,
1985). Data collection in these 128 channels is facilitated by a
grating which tilts through four separate positions as the sensor
platform moves forward one ground instantaneous field of view
(IFOV). The AIS had an IFOV of 1.9 mrad and a nominal ground
pixel size of 8 by 8 metres for a typical operating altitude of
4200 metres (Goetz et aI., 1985). Thus, a resulting dataset consisted
of 128 arrays, each 32 pixels wide for a given flight corridor (n
scan lines). The DN dynamic range for each pixel and channel
of raw AIS data is 0 to 4095, so it requires 12 bits for storage Get
Propulsion Laboratory, 1985).

When AIS-1 data were first provided to investigators by JPL,
it became clear that new techniques and concepts would be
needed for data characterization and analysis. Even casual perusal
of the written reports on initial research serves to support this
contention. Many varied methods and approaches were tested,
including Walsh-Hadamard transformations (Wickland, 1985),
"cross-band" correlation (Vanderbilt, 1985), principal components
(Smith and Adams, 1985; Bell and Evans, 1985; Olson and Zhu,
1985; Hutsinpiller, 1988; Feldman and Taranik, 1988), "radiance
ratios" (Vanderbilt, 1985; Gross and Klemas, 1985), band ratios
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FIG. 1. Example of a spectral-response profile for a pixel containing a
stand of cattails. Data were acquired by the Airborne Imaging Spectrom
eter-1 on 16 June 1985 in western Nebraska.
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where f(i) is the pixel ON in band i of AIS data.

According to the "uniqueness" theorem (Papoulis, 1965), if
f(A) is piecewise continuous and has nonzero values only in a
finite part of the axis, then moments of all orders exist and the
moment sequence Mp is uniquely determined by f(A) and, con
versely, Mp uniquely determines f(A). This theorem expresses
the fact that the moments can represent f(A).

The central moments can be expressed (similar to Skopp (1987»
as

few quantitative features, is especially important when analyz
ing 100 or more bands of sensor data.

"Moments," which exist in statistics, are quantities that de
scribe the distribution of variables, i.e., the character of a dis
tribution curve (Edwards, 1964; Cole and King, 1968; King, 1969).
Moment measures include the mean, standard deviation, skew
ness, and kurtosis, which are generally referred to as the first,
second, third, and fourth statistical moments (e.g., Cole and
King, 1968). However, it is possible to derive other moments
mathematically. Using AIS channels as variables, we introduce
"band-moment analysis," and derive a series of eight moments.

Suppose the wavelength (A) of an electromagnetic wave is an
independent variable. The reflectance from a ground objectf(A)
is a continuous function of A. We define the moment of order
p by the relation

(Feldman and Taranik, 1988), discriminant analysis (Blad et aI.,
1985; Olson and Zhu, 1985), cluster analysis (Samson, 1985),
Fourier transforms (Kruse et aI., 1985; Hlavka, 1986; Swanberg
and Matson, 1987; Price and Westman, 1987), log residuals (Lyon
and Lanz, 1985; Cocks and Green, 1986; Lyon, 1987; Hutsinpiller,
1988), "hul1" quotients (Green and Craig, 1985; Clark, et aI.,
1987), principal factor analysis (Murray et aI., 1986), "internal
average relative reflectance" (Mackin et aI., 1987; Kruse, 1987),
multiple regression (Peterson et aI., 1988), and numerous others.
Like many of these earlier works which attempt to either shed
light on the nature of imaging-spectrometer data or to expedite
data handling of 128 channels by applying a variety of techniques,
our work is clearly exploratory.

Some investigators have taken an image-classification approach
with AIS data (e.g., Feldman et aI., 1985; Masuoka, 1985; Ustin
et aI., 1986; Herrmann et aI., 1988). However, because the AIS
produces 128 separate channels of spectral information, image
classification has been found to be a significant computational
and logistical problem. General purpose software for image
classification (e.g., ELAS, LAS, EROAS) usual1y is limited to
processing between eight and 30 channels of spectral data. Even
if software were available to accommodate 100 or more bands,
the machine time necessary for the classification would make
the processing infeasible or, at least, uneconomical.

In the case of the AIS, it is necessary somehow to reduce the
dimensionality of the original data. PCA al10ws one to perform
a pre-classification data compression. Even with PCA, though,
much computational time is required both for the calculation of
the covariance matrix and for matrix multiplication. Fast PCA
algorithms seem not to exist. This fact is underscored when
processing AIS data to compute a 128 by 128 covariance matrix.
Note, too, that every component requires 128 real multiplications.
In addition, we have found that, when original images contain
sensor noise (e.g., "striping"), some component images will
display that noise very prominently. Masuoka (1985) and Hlavka
(1986) documented several types of noise in raw AIS data, but
the latter author focused on pronounced striping in both the
vertical and horizontal directions.

OBJECTIVES

In this paper, we introduce what we believe to be a relatively
simple and efficient new procedure, "band-moment analysis,"
for use in reduction of AIS data. Our goal is to introduce a
computational1y efficient technique for analyzing high-spectral
resolution data which yields images that are at least as good in
visual quality as those produced by means of principal-component
analysis. Procedures outlined in this paper should be equally
applicable both to AIS-l and to follow-on systems including AIS
2, AVIRIS, and HIRIS (NASA, 1987).

BAND-MOMENT ANALYSIS

The digital numbers (or ON) for each band of a multispectral
image represent the reflection or emission of electromagnetic
energy in a specified wavelength range. A plot of pixel DNs
versus wavelength represents the change in reflectance or emit
tance of a pixel with change in wavelength (Figure 1). Such a
set of measurements constitutes a spectral-response pattern or
"spectral signature" for ground objects or surfaces (Campbell,
1987). In the case of the AIS, the spectral-response pattern is
very detailed, being composed of reference points stemming
from 128 narrow, contiguous bands (Figure 1). Classification
algorithms for multispectral image analysis are designed to
identify and group pixels having similar spectral signatures. If
a signature (or spectral curve such as Figure 1) can be described
quantitatively by a set of features, then the measure is said to
summarize those features of the curve by means of mathemat
ical notation. This "shorthand," which may consist of only a
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(7) FIG. 2. The study site located within the Crescent Lake National Wildlife
Refuge, Garden County, Nebraska.

h
: M 1

were 1 = Mo'

The first central band moment always is equal to zero because

_ 1 128 . : . _ M 1 • _

JLl - 128 i~ (1-I)f(l) -M1 - M
o

M o - 0

.!> , ~'''O,,(1(1I

b!a Watchtower

~ Windmill

- - - - Sand rood

- - - Refuge boundary

-- Paved rood

''''L[
~----'----~

(4)

(6)

(5)

The central band moments can be expressed as
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For ease of understanding, we consider the ON in band i as

the frequency (or weight) of this channel. Then i suggests that
the mean band of a particular pixel is weighted by ON. We refer

to i as the "band mean." Comparison of J.L2 with the variance
shows them to be the same quantity, so JLz can be denoted as
band variance. For q = 3, the central band moment represents
the assymmetry of the density-band curve. For p = 4, the cen
tral band moment indicates the degree of spread in the curve,
particularly emphasizing values apart from the band mean.

In addition, we introduce two band ratios to the density band
curve analysis. The first is called "band skewness":

Yl = JLiJL¥z

and second is "band kurtosis":

Positive values of skewness indicate that the pixel has high ONs
for the first several bands and low ONs for the last several bands
(tailing to the right), while negative values depict the opposite
(tailing to the left). Values of skewness and kurtosis near zero
indicate a data distribution resembling a normal bell shape.
Symmetrical curves will always have zero for the value of the
third central band moment (or band skewness).

Up to this point, all formulae we have described place em
phasis on two sides of the density-band curve. In order to em
phasize channels near the band mean, another moment, a "band
concentrated moment," is introduced: Le.,

1 128

JL2c = - L (i - li-i I)Z f(i)
128 i~l

Thus, for every pixel of an AIS image, we calculate eight val

ues: i, M o, JLz, JL3, JLv Y" Yz, and JL2c' While it is extremely
difficult to describe all eight of these moments in non-quanti
tative terms, we refer to them as follows: (1) mean, (2) ordinary
moment, (3) variance, (4) third central moment, (5) fourth cen
tral moment, (6) skewness, (7) kurtosis, and (8) band-concen
trated moment. The result consists of a new eight-band image
which has features derived from the original 128-band image;
i.e., the eight "channels" of the new image retain the general
statistical characteristics of the original 128-channel dataset. Be
cause real numbers are calculated from the formulae, the ONs
of the new image are compressed linearly to integers 0 to 255
for display and classification purposes. The calculation of JL is
much easier than that of PCA and can be executed recursively.

IMPLEMENTATION

To evaluate the effectiveness of band-moment analysis, we
selected an AIS dataset from a NASA C-130 flightline obtained
in the western portion of the Nebraska Sand Hills (Figure 2) on
16 June 1985 (earlier work with AIS datasets in Nebraska is sum
marized in Blad et al. (1985), Samson (1985) Rundquist (1985),
and Samson, (1988). The size of our study area was 300 by 32
pixels (see Figure 2 for geographic location). Figure 3 depicts

only the first 16 bands (1.2132 to 1.3527 fLm) of the AIS image.
Figure 4 is a photographic enlargement of the study site taken
from a conventional air photo of the Crescent Lake area. Notice
in Figure 3 that sensor striping (both vertical and horizontal) is
apparent in channels 9 to 16 with image quality severely de
graded by sensor noise in bands 13 to 16. Such a problem was
typical of AIS data acquired in 1984 and 1985 (Hlavka, 1986). It
should also be pointed out that a strong atmospheric water
absorption band exists at 1.4 fLm (and also at 1.9 fLm) making
remote sensing in this spectral region difficult (Goetz et aI.,
1983). The imaged area shown for each channel is, of course,
identical and, when examined in conjunction with the conven
tional air photo of the site (Figure 4), identification of a few
landscape parameters is possible. For example, one can see some
evidence of dune topography, a tiny lake, and a small stream
channel. More detailed interpretation is difficult.

An eight-moment image of the study area was prepared
from raw 12-bit (0 to 4095 ON) AIS data in order to assess its
utility for both data reduction and image enhancement (Figure
5). During calculation from raw data, each resulting moment
dataset was compressed linearly to eight bits (0 to 255 ON) to
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FIG. 3. AIS channels 1 to 16 for the study site. Each individual
swath is 32 by 300 pixels. Also, because of mission parameters,
note that north is at the bottom.

FIG. 4. Panchromatic air-photo enlargement of the study site.
Date of photography is 4 November 1982, and north is at the
bottom. For scale reference, refer to Figure 2.

allow image display. Note, first of all, that the sensor noise
(striping) in the raw data (Figure 3) has been virtually elimi
nated in the moment images (Figure 5) due to the averaging

FIG. 5. Eight-moment AIS image of the study area. Note the improvement
in image clarity over the raw data (Figure 3).

which occurs in the moment calculation (see computations above).
Secondly, the images for five of the eight moments are generally
similar but, more importantly, they are also quite "crisp." The
skewness and kurtosis images, while providing no information
about the land surface (as displayed by means of a linear com
pression), are quite different from the other moments; in fact,
surface water is characterized by very light tones in the mo
ment-6 and -7 images. The image for the second moment, like
the sixth and seventh moments, is also somewhat different and
relatively poor. One final point which seems worthy of mention
is the fact that the image for the eighth moment possesses an
overall tonal quality that is subtly different from moments 1, 3,
4, and 5. The reason for this difference is not apparent to us.

To compare the visual quality of band-moment images with
that of principal-component images, the first eight (PCA) com
ponents were also computed from raw 12-bit AIS data, and com
pressed linearly to eight bits for image display (Figure 6). Notice
that the first component image is, as expected, quite crisp and
clear, while the others (also as expected) are not nearly as good.
Horizontal sensor striping dominates in component images 2
(worst), 4, and 3 while vertical striping seems to be equally
pronounced in component images 6 and 7. Component images
8 and 5 possess both horizontal and vertical stripes. Masuoka
(1985) noticed noise in components 2 and 4 after a PCA trans
formation of only the first 32 bands of October 1983 data ac
quired in West Virginia. Thus, it is apparent that PCA does not
remove sensor striping as do moment procedures. With regard
to information content, the first-component image is, according
to the inherent qualities of PCA, quite useful and interpretable,
but may be no better in overall clarity than the image of the
first (or selected other) moments (compare Figures 5 and 6).
Our concern is that very few AIS component images seem use
ful, although the component 3 image may be an exception (no
tice, especially, the detail in the area around the lake). On the
other hand, five of the moment images provide (at least) good
quality images of the flight corridor. Importantly, we found that
the computation time for PCA was roughly four times greater
than that for ~oment analysis.
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FIG. 6. First eight principal components for the study site.

CONCLUSION

We conclude that band-moment analysis is a useful technique
for data reduction and enhancement of AIS data. It is much
easier and more computationally efficient than principal-com
ponents analysis. In fact, the execution time on our minicom
puter was over four times greater for PCA than for moment
analysis. In addition, it appears that, like PCA, moment analysis
allows the user to compress the salient characteristics of a mul
tispectral dataset into a few displayable features. Our results
also indicate that band-moment analysis not only removes scan
ning noise, which is not mitigated by PCA, but it also yields a
larger number of crisp, potentially useful images than PCA. We
are unable to provide comment regarding the capability of mo
ment analysis in the area of highlighting spectral differences in
surface materials which may not be apparent in the original
dataset because we have not yet investigated the physical
meaning of individual moments as applied to AIS information
for our study site. At the very least, band-moment analysis
provides images that are as good in quality as those produced
by means of PCA, but the former is much more efficient from a
computational standpoint.

In addition to examining the physical meaning of signatures
on moment images, our future research will address a compar
ative multispectral classification of features computed by both
moment analysis and PCA. Also, we are interested in transpos
ing the concept of moment analysis to the temporal domain;
i.e., it should be possible to compute moments from multitem
poral image data.
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SPSE symposium has been scheduled at The Palmer House, a Hilton Hotel immediately following GRAPH EXPO '89 for the con
venience of those who wish to come early or stay over to attend both events. This symposium is intended to provide a review of the
current state-of-the-art electronic image scanning and processing, as well as the emerging technologies that will alter or supplant the
more traditional methods for page makeup during pre-press operations.

The technical sessions will emphaSize the technologies employed in the various electronic imaging systems and color hard copy
proofing processes. These sessions are intended to provide a better understanding about the approaches chosen by the manufacturers
to satisfy the requirements of the trade shop, advertising agency and the customers, as well as to provide guidelines to the printer.

Business sessions will be convened concurrently to brief the symposium attendees about the applications, features, benefits and
economics of the various pre-press imaging devices and proofing processes. These sessions will aid in the selection of a system or add
on capability that will be most cost-effective and/or meet the required quality objectives.

Supporting sessions will address the materials and supplies, as well as color measurements, control techniques, and specifications
that will assure color reproduction quality and consistency during the pre-press operations.

Technical papers about the various color copying systems and their applications in advertising agencies and subsequent impact on
pre-press operations will be presented.

Presentations relating to electronic pre-press color imaging technology and hard copy output processes are solicited. Technical
papers and business matters pertaining to these general subjects will be delivered in separate, concurrent sessions. The program will in
clude sessions on a wide range of topics in each category. Time allocated for the presentation is a total of 30 minutes to include
questions and answers if solicited by the author.

Anyone wishing to submit a paper is requested to send an abstract of approximately 150 words and a short biography by 15
February 1989 to:

Dr. Ian Ferguson
Printing and Publication Division, 3M Company

3M Center, Bldg. 209-2S-04
St. Paul, MN 55144

612-733-5306


