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Abstract – Detection and recognition are two primary
tasks of hyperspectral imaging, with the objective of
detecting and identifying materials remotely.
Frequently these are done separately, with anomaly
detection or signature recognition being applied, but
not both in conjunction. Here, we introduce a fully
automatic hyperspectral-based target recognition
system through the combination of automatic anomaly
detection, anomaly segmentation, pixel cueing
methods for background reduction filtering, signature
matching, automatic atmospheric compensation, and
vegetation index thresholding for automatic
atmospheric compensation. Of interest herein are the
handling of pixels and groupings of pixels detected as
a statistical anomaly; various methods of processing
anomaly groups are examined. Results are provided
using HYDICE hyperspectral radiance images and
collected ground reflectance data.
Key Words – ATD, ATR, Automatic Target
Recognition, Automatic Target Detection, chipping,
cluster identification, cueing, hyperspectral, remote
sensing.
I.

Introduction

Hyperspectral imaging (HSI) systems are a form
of imaging spectroscopy, collecting both spatial and
spectral features; in essence HSI operates as a
panchromatic sensor with individual spectrometers for
each pixel [1]-[3]. Other modalities, such as
multispectral imaging (MSI) cover a large portion of
the spectrum; however MSI bands are collected with
coarse spectral sampling [2], whereas HSI has a
multitude of finely sampled spectral bands. Fine
spectral sampling enables measurement of minute
spectrally reflected and/or emitted features, offering
the potential to remotely detect, examine, and identify
materials through differing spectral characteristics. In
operation, HSI sensors collect spectral characteristics
sequentially, building a three dimensional image
object known as an image cube. In such an image cube,
notionally, the x and y axes contain spatial information,
while the z axis contains spectral data. HSI sees
frequent application for three primary purposes:
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anomaly detection, change detection, and spectral
signature matching [1]. The research herein focuses on
a combination of anomaly detection and spectral
signature matching. Automatic anomaly detection
(ATD) seeks pixels significantly different than the rest
of the image; in contrast automatic target recognition
(ATR) involves spectral signature matching to identify
spectral similarity of a pixel to a known material.
Applications of cueing in ATD and ATR
frequently include focusing an analyst’s attention to a
particular pixel or location; an example of automatic
HSI ATD cueing includes the search and rescue
operations of the Civil Air Patrol’s ARCHER program
[1]. Cueing methods such as this require a ‘user in the
loop,’ and are naturally susceptible to collecting more
data than can be analyzed, confirmation bias [4] and/or
operator fatigue [5]; such situations can lead to a
preponderance of data, yet lack of information [6]. As
a variant, cueing in this paper refers to algorithm
cueing, where signature matching algorithms are cued
to process detected anomalies. The outcome of this
autonomous method, Fig. 1 [7], would then be sent to
an analyst. Some of the methods leading from ATD
cues to recognition involve combining multiple spectra
for a detected anomaly; this is akin to combining
multiple vegetation spectra for atmospheric
compensation.
Ratches [8] offered a similar generic path from
input to detection to classification; however a
methodology was not detailed. Chang and Chiang [9]
developed an anomaly classification method based on
detected statistical anomalies; however, this
classification scheme was based on in-scene classes
with anomalous points clustered based on statistics.
The methodology presented in Fig. 1 incorporates
modules facilitating the testing of various functions
and combinations, with Step 0, loading image and
ground truth data, and Step 1a being automatic
atmospheric compensation. Anomaly detection, Step
1b in Fig. 1, is applied as a background reduction filter
to identify probable objects of interest while
discarding apparent background; such a method was
applied by Manolakis et al. [10] for improved
signature matching. The identified anomalous pixels
and groups of pixels are then classified in Step 2,
9
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through established signature matching algorithms.
Although the algorithms used in this study are from
the literature, the end-to-end automation, flexibility of
changing algorithms, vegetation thresholding method
for automatic atmospheric compensation, and the
method for selecting and grouping detected anomalies

reflectance measurement files for in-scene objects and
background. For modeling vegetation, reflectance data
for in-scene sweet gum trees and creosote bushes were
used respectively for the Forest and Desert images.
Known man-made objects of interest total: 10 in the
Desert and 21 in the Forest image. In this study, one
object class of interest was selected for each image,
with 223 and 348 target pixels respectively provided
within the Forest and Desert images; yielding
percentages of 0.18% (Forest) and 0.309% (Desert) of
total pixels being known in-scene target pixels.

Fig. 1 Automated methodology

for signature matching are unique.
In HSI ATD, anomalies can consist of individual
pixels or groupings of pixels. In this research,
particular attention is given to reducing the number of
points under consideration in ATR by first processing
the image with an ATD algorithm. Comparisons of
applying matched filters to the entire image to various
means of using an anomaly detector for background
reduction, removing statistical background information
are provided. Emphasis is given to automating the
entire process, with a minimum amount of user input.
This paper is organized as follows: Section II
reviews HSI, characteristics of the data, and
dimensionality reduction for creating a parsimonious
dataset for analysis. Section III describes the automatic
atmospheric compensation applied, while Section IV
describes automatic target detection. Section V
describes signature matching and aspects of the
combined methodologies presented in Fig. 1.
Concluding remarks and discussions appear in Section
VI.
II.

Hyperspectral Remote Sensing

The HSI images used herein, Fig 2, are from the
Forest I and Desert II Radiance collections from the
HYDICE pushbroom sensor; these images provide
radiance data for 210 bands with 10nm spectral
sampling over 400 – 2500 nm, thereby covering the
visible, NIR and short wave infrared regions [3] [11].
The images used for this research were both collected
at approximately 5,000' AGL.
Provided with the Forest I and Desert II radiance
images are 5nm spectrally sampled field spectrometer

Fig. 2 Images used in analysis. the image on the left will be referred to as
Forest (611 by 201 spatial pixels); the image on right (401 by 281 spatial
pixels) as Desert.

2.1

Dimensionality Reduction

Fringe bands (at the edges of the spectral regions),
bands associated with water absorption, and noise
filled bands were identified (bands 1-9, 98-114, 133157, 201-210) and discarded in similar fashion as in
Johnson [15] and Farrell and Marsereau [16], resulting
in 149 bands available for analysis. Although
discarding said bands removed 61 bands from the
HYDICE images (29% of the image), there is not
necessarily a parsimonious dataset present. To reduce
dimensionality further for efficiency in a
computational sense while preserving variability (in
this case energy measured), Principal Component
Analysis (PCA) was used.
PCA is frequently applied to HSI due to its
straightforward and predictable behavior [3][16]-[18].
PCA preserves and groups a maximal amount of
variance through a linear transformation of data, using
the eigenvectors of the data correlation matrix [19].
Principal component (PC) bands are orthogonal to
each other, with the first PC containing the most
variance, the second PC the second most variance and
10
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so forth [19]. In terms of dimensionality assessment,
the cumulative variance explained and the magnitudes
of the image covariance matrix eigenvalues through a
Scree plot are often used [19]. For the Forest image,
10 PC bands were retained, equivalent to 99.85% of
the variance in the HSI image cube; similarly for the
Desert image, 10 PC bands were retained preserving
99.78% of the variance in the image.
2.2 Normalized Difference Vegetation Index (NDVI)
Due to the presence of water, chlorophyll, and
other pigments, vegetation typically appears green in
visible wavelengths due to light absorption properties;
also, between 700nm and 1300nm vegetation typically
acts as a scatterer, causing vegetation to appear bright
[3][12][13]. Linear vegetation indices take advantage
of this property, measuring the slope between the
absorbed visible light and the mostly reflected NIR
light with high values corresponding to probable
vegetation. One method, NDVI, developed by Rouse
et al. [14], detects instances of probable vegetation
using red and NIR bands. NDVI is regarded as having
a high dynamic range and sensitivity to changes in
vegetation cover [12]; it is described by a linear
relationship
(1)
where refers to radiance at selected NIR and Red
wavelengths bands, respectively [1][12][14]. Scores
for NDVI vary from -1 to 1, the higher magnitudes
typically being associated with probable vegetation.
III. Atmospheric Compensation for ATR
Remotely measured HSI pixels inherently include
additional effects from external sources, requiring
radiative transfer considerations [1]-[3]; included in
radiance images are atmospheric influences, weather
effects, illumination, path radiance, and adjacency
aspects, among others [1][12][23]. However, for
signature matching known materials are frequently
analyzed by collecting reflectances, a unitless ratio of
the amount of light reflected to light striking an object,
requiring a known source and controlled conditions
[12]. Atmospheric compensation, Step 1a in Fig. 1, is
therefore a necessity when searching for a known
signal collected using ground equipment to convert
ground measurements of reflectance to the same unit
space as angle per area [1][3][12][23].
Methods of atmospheric compensation frequently
rely on a priori knowledge in the form of a known

target being in-scene for reference, as in Empirical
Line Methods, or appropriate parameter selection for
model based approaches. In a purely automatic system,
such approaches are not appropriate and therefore the
vegetation normalization (VN) method, which
leverages vegetation detection, was used [1][3]. While
VN is considered to offer poor quality results [3], an
advantage is achieved in the ease of automation. The
VN approach used herein applies a linear conversion
from reflectance to radiance employing in-scene pixels
estimated to be vegetation with appropriately selected
known reflectance data for vegetation. The linear
relationship between estimated pupil-plane radiance
and reflectance employs equation (2),
(2)
where is a linearly computed gain vector, is a
linearly computed offset vector, with the estimated
pupil-plane radiance of the given reflectance spectra
vector, , each as a function of wavelength [1][3].
The gain and offset were calculated through linear
relationships, with
(3)
and
(4)
where the subscripts 1 and 2 indicating appropriately
corresponding radiance and reflectance data sources
[1][3].
3.1 Vegetation Index Thresholding
Due to a desire to have consistent operating points
among different types of images, raw NDVI thresholds
for VN are possibly inappropriate given differing
distributions of vegetation across environments and
scenery types, an NDVI score associated with a forest
image would possibly result in few if any pixels being
selected as vegetation in a desert image. An alternative
method of selecting a percentage bound of the total
pixels to be considered as vegetation was adopted. As
an example of the use, this research selects 1% of the
top scoring NDVI values for retention as vegetation;
this operating point equates to 1,228 points for the
forest image and 1,126 points for the desert image.
Pixels corresponding to these scores are then averaged
for all bands to create the reference VN vegetation
radiance vector.
3.2 Atmospheric Compensation Data Points
For both images equations (2)-(4) were computed
by selecting appropriate vectors. For both images,
11

American Journal of Science and Engineering, Vol. 2, No.1, 2013

was a vector of zeros corresponding to an ideal dark
reflectance vector; correspondingly,
was a
constructed vector of the darkest radiance in the image,
created by taking the minimum value in each
wavelength [3]. For both images,
vectors were
computed through the Vegetation Index Thresholding
approach using the mean vegetation radiance vector.
For the Forest image, data for the vector was taken
from radiance information from in-scene Sweet Gum
Trees; whereas for the Desert image the
vector was
created using reflectance data from in-scene Creosote
brush.

For the Forest and Desert images, selecting
appropriate criteria for operating points from the RX
detected anomalies is critical. In operation, knowledge
of true positives and false positives would not be
known a priori. For the example herein, an operating
point with 20% false positives was selected (equating
to a Chi-squared distribution setting of 0.378 for both
images); although this enables many false positives to
be included, the combined ATD background reduction
to cue to ATR mitigates this. This operating point
resulted in 11.84% of the Forest and 11.19% of the
1

Anomaly Detection

Anomaly detection in HSI involves a statistical
classification problem where pixels different from the
background are detected; detectors apply either global
or local background models with varying advantages
to each [1][3][25]. The RX algorithm is a sliding
window approach to anomaly detection where the
local, within window, statistics are examined for
anomalies [1][3][24]-[26]. RX is an extension of
generalized likelihood ratio test and approximates to a
Mahalanobis distance for large numbers of points in an
image [1][24]-[26]. RX is expressed as
(5)
,
with
,
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Fig. 3 Anomaly Detection ROC Curves for Forest and Desert Images using
known man-made objects in-scene. The true and false positive fractions
equating to a Chi squared distribution setting of 0.378 is indicated by the
diamond.

Desert image identified as anomalous, with false
negatives of 14.35% for the target class in the forest
image and 21.55% in the desert image (which must be
considered when discussing final performance).

(6)

where is a given pixel vector at the center of the
window; , the estimated mean vector of pixels in the
window; N, the number of pixels in the window; and ,
the estimate of the window’s covariance matrix [3].
As N becomes large, converges to , and equation (5)
converges to the Mahalanobis distance between the
pixel vector and the mean vector of the window [26].
For anomaly detection, pixels with an RX score
greater than the chi-squared distribution,
, are
viewed as anomalous. RX was selected for the “ROI
[Region of Interest] Generator” in Step 1b of Fig. 1,
due to its ubiquity, simple mathematical expression,
and known expectations of performance.
Performance of ATD algorithms are typically
displayed through Receiver Operating Characteristic
(ROC) curves [3]; ROC curves plot false positives on
the x-axis and true positives on the y-axis [27];
thresholds for the ROC curve are from varying the
significance level of the chi-squared distribution of the
RX scores. Presented in Fig. 3 are ROC curves for the
RX algorithm when applied to the two images in Fig. 2.

4.1 Background Filtering/ROI Chipping
Chipping frequently refers to selecting a region
around a detected anomaly for user viewing and
analysis [1]. In this research, “Chipping” relates to
grouping detected anomalies from the ATR process
through various means, listed in Table 1, for
background filtering as an additional automatic
computational classification in Step 1b in Fig. 1.
Through
automatic
target
detection
preprocessing/background filtering, only pixels
statistically different from the background are further
examined for signature matching purposes, thereby
decreasing the likelihood that background pixels are
grouped as possible matches for a given signature.
Subsequently, detected anomalies are grouped by the
five different methods presented in Table 1, offering
different types of ROI clusters for evaluation. The
various chipping methods listed in Table 1 permit
examination of how clusters of detected anomalies
relate to identifying anomalies; cluster groups are
defined herein as groupings of pixels contiguously
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Table 1 ROI chipping methods for background filtering
Chipping Method*

ROI Description

Averaged

Matched filter scores for pixels are averaged per group

Baseline/None

No chipping is applied, the entire image is processed for spectral similarity to a known sample

Centroid

Pixel vector of the centroid from multi-pixel anomalies used

Individual

Each ATD filtered anomalous pixel is individually examined

Majority

All pixels in a group analyzed, with score fusion used to label anomaly group identity

Mean

Averaged radiance signature from multi-pixel groups

Median

Median spectral band created from median value of each wavelength for a multi-pixel anomalies

Mode

Mode radiance band taken from a multi-pixel anomalies

*All methods are equivalent for a one pixel detected anomaly
Table 2 Example ROI chips by image for chipping methods
Chipping Method
Baseline/None
Individual
All Other ChippingMethods

Number of Chips
122,811
14,537
3,547

Forest Image
Avg Number of Pixels/Chip
1
1
4.098

connected to each other, diagonally connected points
are also considered contiguous.
Conceptually, the chipping methods take
groupings of points identified as anomalous, create
matrices of each group’s pixel vectors; in essence this
is akin to creating vegetation spectrum in VN, only
now we are creating multiple anomalous grouping
spectrums. Descriptively, the centroid chipping
method selects only the spectral from the geometric
centroid of an anomaly group, a caveat being this may
or may not be a pixel within the group itself; the
individual method processes each ATD anomalous
pixel and computes a matching score individually for
each pixel; the averaged method extended the
individual method by computing a mean matched filter
score for grouped pixels, thereby incorporating some
contextual knowledge of adjacent points; the majority
method computes the spectral similarity of each pixel
in a group then applying a majority voting score for
the declaration of the group as the class of interest or
as background; the mean chipping method averages
the spectral signature of all pixels in a group; the
median chipping method computes a median pupilplane radiance of all pixels in a group; the mode
method computes a mode pupil-plane radiance of all
pixels in a group. Of note, all chipping methods are
equivalent for single pixel detections. For comparison
to operating with no background filtering, the baseline
method processes the entire image through the ATR.
In other words, baseline follows the “Traditional Step
1b” in Fig. 1.
Table 2 lists details for each HSI image and the
chipping type; the absence of chipping was considered
as the baseline method. The individual method results
in much fewer pixels (7.4-7.6% of the image) to

Number of Chips
112,681
12,620
2,707

Desert Image
Avg Number of Pixels/Chip
1
1
4.662

process than the baseline, however this method ignores
any contextual knowledge of groupings of anomalies,
in essence making each pixel its own chip; all other
chipping methods considers the same number of chips,
however the manner in which each method
incorporates and handles the chips differs and the
number of chips to process is considerably lower than
the baseline or individual methods.
V.

Automatic Target Recognition

ATR in this paper employs the commonly used
Match Filter (MF) algorithm which produces
similarity scores as a function of the distances between
candidate target signatures and known target
signatures. Higher MF scores indicate a closer match
between candidate signatures and a known source. In
HSI, ATR methods are frequently employed for
material identification where fine spectral sampling
enables detection of fine spectral features at the
molecular level [3].
The baseline algorithm employed for ATR was the
MF described by
(7)
where the MF score, , results from examining each
pixel vector, ; the mean vector of the image, ; the
known spectral source vector, s; and estimated
covariance of the entire image,
[1][28]. In
processing equation 7, higher magnitude scores are
viewed to be closer to the known spectral source than
lower scores. For the chipping methods applied herein,
13
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the Adaptive MF (AMF) was used as developed by
Manolakis et al. [10].
The baseline method can also be termed ‘none’ as
no chipping methods are applied, this method
processes the entire image pixel by pixel using
equation 7; many applications in literature (e.g.
[1][3][29]) examined entire images in this manner,
supporting the contention of this as the typical HSI
ATR methodology, hence the term baseline. Whereas
the baseline methodology assumes that no
preprocessing has been performed, the combined
methodology of automatic HSI anomaly detection
cueing involves examining only the ATD detected
anomalous pixels and groupings of pixels. When
applying the AMF to the chipping methods,
determining appropriate selections of AMF parameters
was critical. For all chipping methods, the inverse
AMF for Forest Image
1
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Fig. 4 Top: AMF ROC for the Forest image; Bottom: AMF ROC for the
Desert image

covariance matrix and mean vector were computed
using the entire image.
Fig. 4 displays ROC performance results of the
chipping methods for ATR in comparison with the
baseline; no initial biases were incorporated for the
chipping methods due to the ATD operating point
selected, Fig. 3, containing a majority of the target
class and missing no whole targets (of primary
importance when detecting and classifying targets). Of
note, the individual chipping method offers similar

ATR performance for both the Forest and Desert
images as examining the entire image. The mean and
averaged chipping methods offered consistently better
ATR performance than the baseline; the mode and
centroid method offered erratic performance being
among the highest performing chipping methods in the
Desert image and among the lowest in the Forest
image. Whereas the median and majority vote methods
were seen to offer the lowest performance among the
methods examined. A caveat in considering the
majority vote method must be discussed; there are four
true clusters in the Forest image and six true clusters in
the Desert image. This introduces the possibility that
the low performance was a factor of a low number of
true class clusters being present in the images.
VI.

Conclusion

This research introduced an autonomous
framework for HSI ATR through the incorporation of
ATD background reduction filtering, automated
atmospheric
compensation,
vegetation
index
thresholding, and variations on chipping. Results were
provided using HYDICE HSI radiance images and
collected ground reflectance data. The advantages of
this framework are its conceptual simplicity and
reduction in number of pixels processed by signature
matching schemes when compared to computationally
intensive methods.
The chipping methods in one sense could be
viewed as increasing pixel mixing, on another hand
decreasing the number of pixels to be processed at the
expense of possibly decreasing signature matching
performance. Advantages over the baseline were
evident in many methods. While the performance of
the individual method was similar to analyzing the
whole image significant reduction in the number of
points to analyze increases the list of possible methods
when computation times are critical.
While, in operation, one would not have the
luxury of knowing true performance of the ATD
method, methods are available for robustly finding
HSI ATD operating points prior to fielding [30]. One
noticeable benefit of the chipping methods is their
analysis of much fewer data points for ATR
processing; this could be exploited as a benefit through
algorithmic fusion of multiple ATR methods and/or
more computationally intensive methods thereby
leveraging the benefits of a computationally simple
ATD background reduction to remove probable
background points.
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