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Abstract

The work reported here showsthe proof of principle (using asmall data set) for asuite of algorithmsdesigned to
estimate the probability density function of hyperspectral background data and compute the appropriate Constant
False Alarm Rate (CFAR) matched filter decision threshold for a chemical plume detector. Future work will
provide a thorough demonstration of the algorithms and their performance with alarge data set.

The LASI (Large Aperture Search Initiative) Project involves instrumentation and image processing for hyper-
spectral images of chemical plumesin the atmosphere. The work reported here involves research and devel opment
on algorithmsfor reducing the false alarm rate in chemical plume detection and identification al gorithms operating
on hyperspectral image cubes. The chemical plume detection algorithmsto date have used matched filters designed
using generalized maximum likelihood ratio hypothesistesting algorithms|[1, 2, 5, 6, 7, 12, 10, 11, 13].

One of the key challengesin hyperspectral imaging research is the high false alarm rate that often resultsfrom
the plume detector [1, 2]. The overall goal of thiswork is to extend the classical matched filter detector to apply
Constant False Alarm Rate (CFAR) methods to reduce the false alarm rate, or Probability of False Alarm P4
of the matched filter [4, 8, 9, 12]. A detector designer is interested in minimizing the probability of false alarm
while simultaneously maximizing the probability of detection Pp. Thisis summarized by the Receiver Operating
Characteristic Curve (ROC) [10, 11], whichisactually afamily of curvesdepicting Pp vs. Pr 4 parameterized by
varying levels of signal to noise (or clutter) ratio (SNR or SCR). Often, it is advantageous to be able to specify a
desired Pr 4 and develop a ROC curve (Pp vs. decision threshold r) for that case. That is the purpose of this
work.

Specifically, this work develops a set of algorithms and MATLAB implementations to compute the decision
threshold r; that will provide the appropriate desired Probability of False Alarm P 4 for the matched filter. The
goal isto use prior knowledge of the background data to generate an estimate of the probability density function
(pdf) [13] of the matched filter threshold r for the case in which the data measurement contains only background
data (we call this case the null hypothesis, or H [10, 11]. We call the pdf estimate f(r\Ho)). In this report, we
use histograms and Parzen pdf estimators[14, 15, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26, 27]. Once the estimate
is obtained, it can be integrated to compute an estimate of the Pr 4 as a function of the matched filter detection
threshold r. We can then interpolate r vs. Pr4 to obtain a curve that gives the threshold r§ that will provide the
appropriate desired Probability of False Alarm Pr 4 for the matched filter. Processing results have been computed
using both ssmulated and real LASI data sets. The algorithms and codes have been validated, and the resultsusing
LASI data are presented here.

Future work includes applying the pdf estimation and CFAR threshold calculation algorithms to the LASI
matched filter based upon globa background statistics, and developing a new adaptive matched filter algorithm
based upon local background statisitcs. Another goal isto implement the 4-Gamma pdf modeling method proposed
by Stocker et. al. [4] and comparing results using histograms and the Parzen pdf estimators.




Contents

1 Introduction

2 Theoretical Background and Approach
2.1 Detection Theory and Matched Filtering . . . . . . ... ... . ... ... . . ........
2.2 TheCFAR Matched Filter Algorithm . . . . . . . .. . ... . . . .. ... ... ... ...,
2.3 Calculatinga CFAR Detection Threshold . . . . . . .. ... ... ... .. ..........

3 Density Estimation
31 TheHistogram . . . . . . .
3.2 Parzen Kernel pdf Estimation . . . . . . . ... . ...
3.3 Automatic Selection of the Smoothing Parameter . . . . . . . . .. .. ... ... .......
331 FirstPass. . . . . . . .
332 Second Pass . . .. ...

4 MATLAB Code
4.1 Quadraturefor CalculatingthePfa . . . ... ... ... ... ... . . . . . . . . ......

4.2 Interpolatingthe Pra vs. 70 Curveandthe rOwvs. Pry Curve . . . ... ... .. .....
5 Processing Resultsfor a Controlled Experiment with LASI Data

6 Conclusions

Bibliography . . . . . . . e

© o1 o1 o,



List of Figures

21

2.2

2.3

24

2.5

26

31

The elements of detection hypothesis testing are summarized here for the LASI application. The
detector must make a decision as to whether or not a plume is present at each pixel in an image.
Hypothesis Hy is the case in which the measurement = corresponds to a part of the image in
which thereis no plume. H; represents the case in which a plume is present. Given estimates of
the probability density functions, the probability of detection and probability of false aarm can
be computed as a function of the decision threshold and the signal-to-noise ratio. The receiver
operating characteristic curve (ROC) summarizesthe detector performance. . . . . . . . . . . ..

The Confusion Matrix or Contingency Tableisanother method for specifying detector performance
based upon controlled experiments in which the correct performance is known. A ROC can be
constructed from the table, without requiring knowledge of the probability density functions. In
this figure, the symbol E denotes an event (a plume for the LASI application), and BG denotes
background. Note that the equation for the probability of correct classification assumesthe casein
whichthe prior probabilitiesareequal. . . . . . . . . . . . . . . ...

Thisfigure, provided by R. S. Roberts, explains the components of the matched filter equation. The
image on the left is an example of the measured data. The image on the right is the corresponding
matched filter output image, showing the pixelsdetected asplumepixels. . .. ... ... .. ..

For a CFAR detector, the goal isto specify adesired Pr 4 for the detector and then compute aROC
curve (Pp vs. decision threshold r() for that case. In this way, we can attempt to minimize the
detector’'sfasealarmrate. . . . . . . ..

For calculating a CFAR threshold, we need a data set consisting of exemplars of the matched
filter image corresponding to background-only (no plume). A reasonable amount of datato useis
approximately 1000 lines of hyperspectral data. The drawing on the |eft shows that we can use a
background region of a data cube consisting of four blocks of data (960 lines), where we pick a
region of the image in which there exists background only (prior knowledge). The image on the
right shows the corresponding matched filter image. We propose to use an ensemble of 230,400
pixels (exemplars) from the matched filter output image for comparison with the global statistics
method normallyused. . . . . . . . ... e

The agorithm for computing the matched filter decision threshold includes comparing three pdf
estimationtechniques. . . . . . . . . . L e e e

Here, we depict the LASI data set actually used to demonstrate the CFAR threshold estimation
algorithm. Pixels from the data file “rr mfcube ” were divided manualy into two subsets, one
consisting of “Background (BG) " pixels (actually background plusnoise), and the other consisting
of “Background plus Plume” pixels (actually background plusnoise plusplume). . . . ... ..



4.1

51

5.2

5.3

54

55

5.6

57

5.8

59
5.10
511

512

The block diagram for the MATLAB code that implements the algorithmsis given in this figure.
The basic code, theinput datafile and the variousfunctionsaregiven. . . . . .. ... ... ...

A histogramisplotted for the full BG2E background data set depicted in Figure (3.1). The number
of samplesin the data set is 6552, and the number of bins used for the histogramis32. . . . . ..

A histogramis plotted for the Plume2E' data set depicted in Figure (3.1). The number of samples
inthe data set is 57, and the number of binsused for the histogramis32. ... ... .... ...

For visualization purposes, a subset of only 65 samples from the raw LAS| matched filter image
background data are plotted plotted as vectors. The first figure shows the raw background data.
The bottom figure shows the raw background data with an artificial mean or 2.0 added to it. This
was done as a demonstration of the PNN and its use (see the MATLAB code documentation).

The Parzen pdf estimate and the histogram are overlayed for the background data set BG2E. We
see that the estimates are similar. The number of data samples used was about one tenth of the
full data set available, 655 points. For the histogram, the number of bins used was equal to the
number of data samples (655 points). We did this for easy comparison with the Parzen estimator.
The smoothing parameter o = .0072 for the Parzen kernel pdf estimate was chosen using the
automaticalgorithmproposed by Cain[16]. . . . . . . . . . . . . .

Pr 4 vs. 1 isplotted using alinear-linear scale. Thisistheresult of integrating the upper tail of the
pdf estimate for multiple values of the decision threshold . These data contain nondistinctval ues
of PrA. o e e e

Pra vs. rg isplotted using alog-linear scale. Thisisthe result of integrating the upper tail of the
pdf estimate for multiple values of the decision threshold . These data contain nondistinctvalues
of PrA. o e e e e e e

The interpolated version of Pr 4 Vs. rg is plotted using alinear-linear scale. This is the result of
integrating the upper tail of the pdf estimate for multiple values of the decision threshold r . These
data DO NOT contain nondistinct values of P4 because the interpolation removed them. The
interpolationresampling factorusedwas100. . . . . . . . . . . . . . ... .. . e

The interpolated version of Pr4 VS. rq is plotted using a log-linear scale. This is the result of
integrating the upper tail of the pdf estimate for multiple values of the decision threshold r . These
data DO NOT contain nondistinct values of Pr4 because the interpolation removed them. The
interpolationresampling factorusedwas100. . . . . . . . . . . . . . ... . . . e

A linear-linear plot of rg vs. Pr4 isdepictedhere. . . . . . .. .. ... ... ... .. ...,
A Log-linear plot of g vs. Pr4 isdepictedhere. . . . . . ... ... ... ... ..

Linear-linear plot of theinterpolated r( vs. the interpolated Pr 4. An example of determining the
decision threshold is demonstrated here. Referring to the figure title, we see that we asked the
agorithmfor adesired Pp4 = P4 = P fastar = .1, and the algorithm returned the appropriate
rog =r0star =4.462. . . . L

Log-linear plot of the interpolated o vs. the interpolated Pr 4. An example of determining the
decision threshold is demonstrated here. Referring to the figure title, we see that we asked the
agorithmfor adesired Ppy = Pp 4 = Pfastar = .1, and the algorithm returned the appropriate
o =10star =4.462. . . ...
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Chapter 1

| ntroduction

The work reported here shows the proof of principle (using a small data set) for a suite of algorithms designed to
estimate the probability density function of hyperspectral background data and compute the appropriate Constant
False Alarm Rate (CFAR) matched filter decision threshold for a chemical plume detector. Future work will
analyze performance using alarge data set.

The LASI (Large Aperture Search Inititiative) Project invol vesinstrumentation and image processing for hyper-
spectral images of chemical plumesin the atmosphere. The work reported here involves research and devel opment
on algorithmsfor reducing the false alarm ratein chemical plume detection and identification algorithms operating
on hyperspectral image cubes. The chemical plume detection algorithmsto date have used matched filters designed
using generalized maximum likelihood ratio hypothesistesting algorithms|[1, 2, 5, 6, 7, 12, 10, 11, 13].

One of the key challengesin hyperspectral imaging research is the high false alarm rate that often results from
the plume detector [1, 2]. The overall goa of thiswork isto extend the classical matched filter detector to apply
Constant False Alarm Rate (CFAR) methods to reduce the false alarm rate, or Probability of False Alarm P4
of the matched filter [4, 8, 9, 12]. A detector designer is interested in minimizing the probability of false alarm
while simultaneously maximizing the probability of detection P . Thisis summarized by the Receiver Operating
Characteristic Curve (ROC) [10, 11], which isactually afamily of curvesdepicting Pp vs. Pr 4 parameterized by
varying levels of signal to noise (or clutter) ratio (SNR or SCR). Often, it is advantageous to be able to specify a
desired Pr 4 and develop a ROC curve (Pp vs. decision threshold r() for that case. That is the purpose of this
work.

Specificaly, this work develops a set of algorithms and MATLAB implementations to compute the decision
threshold r; that will provide the appropriate desired Probability of False Alarm P 4 for the matched filter. The
godl isto use prior knowledge of the background data to generate an estimate of the probability density function
(pdf) [13] of the matched filter threshold r for the case in which the data measurement contains only background
data (we call this case the null hypothesis, or H [10, 11]. We call the pdf estimate f(r|H0). In this report, we
use histograms and Parzen pdf estimators [14, 15, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26, 27]. Once the estimate
is obtained, it can be integrated to compute an estimate of the P4 as a function of the matched filter detection
threshold r. We can then interpolate r vs. Pr4 to obtain a curve that gives the threshold r§ that will provide the
appropriate desired Probability of False Alarm P 4 for the matched filter. Processing results have been computed
using both ssmulated and real LASI data sets. The algorithms and codes have been validated, and the resultsusing
LASI data are presented here.

This report is organized as follows. In Chapter 2, we give a brief summary of the theoretical background
and the technical approach. Chapter 3 describes the probability density function estimation problem and some
algorithmsfor solving it. Chapter 4 summarizesthe MATLAB code for implementing the algorithms, and Chapter
5 describes a processing example using real LASI data. 1n Chapter 6 we discuss conclusions and future work.



Chapter 2

Theoretical Background and Approach

2.1 Detection Theory and Matched Filtering

This report will not provide a detailed summary of detection theory and matched filtering. Rather, we refer the
reader to the bibliography. We do, however, summarize the discussion as follows.

Basic detection theory [10, 11] relies on the concepts of hypothesis testing, probability density functions
and receiver operating characteristic (ROC) curves, as summarized in Figure (2.1). The detector used by the
LASI project is atype of matched filter designed using generalized maximum likelihood ratio hypothesis testing
algorithms|[1, 2,5, 6, 7, 12, 10, 11, 13].

Figure (2.2) summarizes the concept of a “Confusion Matrix ” or “Contingency Table” , which is a useful
way of defining classification results. The table shown is given for the special case in which the number of classes
istwo and the prior probabilites are equal.

Figure (2.3) by R. S. Roberts summarizes the matched filter equation used for detection [1, 2].

2.2 TheCFAR Matched Filter Algorithm

One of the key challenges in hyperspectral imaging research is the high false alarm rate that often results from
the plume detector [1, 2]. The overall goal of thiswork is to extend the classical matched filter detector to apply
Constant False Alarm Rate (CFAR) methods to reduce the false alarm rate, or Probability of False Alarm P g 4 of
the matched filter [4, 8, 9, 12]. Figure (2.4) summarizesthe concept behind CFAR methods. The CFAR technique
is to specify adesired Pr4 based upon some knowledge of the background statistics, and develop a ROC curve
(Pp vs. decision threshold r) for that case. Given a set of known matched filter image exemplarsr corresponding
to the background part of a hyperspectral image cube, we can (1) Estimate the pdf f(r|H ) of the background and
(2) Integrate f(r|Hy) as depicted in the figure, letting the decision threshold r( vary over an appropriate range of
values of . This gives us an estimate of Pr4 Vs. rg. We then wish to specify adesired Pr4 and perform atable
lookup to find the appropriate threshold r; that will give usthe desired Pr 4.
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Figure 2.1: The elements of detection hypothesis testing are summarized here for the LASI application. The
detector must make a decision as to whether or not a plumeis present at each pixel in an image. Hypothesis H  is
the case in which the measurement 2 correspondsto a part of the image in which thereisno plume. H | represents
the case in which a plume is present. Given estimates of the probability density functions, the probability of
detection and probability of false alarm can be computed as a function of the decision threshold and the signal-to-
noise ratio. The receiver operating characteristic curve (ROC) summarizesthe detector performance.



Actual
Decision Event (E) Background (BG)
P(E| E) = P(Detection) | P(E|BG)=P(False Alarm)
Event (E)
P(BG | E) = P(Miss) P(BG | BG) = P(Specificity)
Background
BG)

Note: P(EIE)+P(BGIE)=1 and P(EIBG)+ P(BGIBG)=1

P(Correct Classification) =5 [ P(E| E) + P(BG | BG)]

Figure 2.2: The Confusion Matrix or Contingency Table is another method for specifying detector performance
based upon controlled experiments in which the correct performance is known. A ROC can be constructed from
the table, without requiring knowledge of the probability density functions. In thisfigure, the symbol E denotes an
event (aplume for the LASI application), and BG denotes background. Note that the equation for the probability

of correct classification assumes the case in which the prior probabilities are equal.

Figure 2.3: Thisfigure, provided by R. S. Roberts, explains the components of the matched filter equation. The
image on the left is an example of the measured data. The image on the right is the corresponding matched filter
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output image, showing the pixels detected as plume pixels.



Probability Density Functions
f(r) = pdf

}I Ho fri H,)
. f(rlH, .
PFA(rﬂ)=ff(r|Hﬂ)dr

Iy = Feature r
?ﬁgiﬂd =Detection Statistic

Constant False Alarm Rate (CFAR) implies that we compute the
threshold 1, suchthat P,(r,)=A Desired Constant

Figure 2.4: For a CFAR detector, the goal is to specify adesired Pr 4 for the detector and then compute a ROC
curve (Pp vs. decision threshold () for that case. In this way, we can attempt to minimize the detector’s false
darmrate.
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Figure 2.5: For calculating a CFAR threshold, we need a data set consisting of exemplars of the matched filter
image corresponding to background-only (no plume). A reasonable amount of data to use is approximately 1000
lines of hyperspectral data. The drawing on the left shows that we can use a background region of a data cube
consisting of four blocks of data (960 lines), where we pick aregion of theimagein which there exists background
only (prior knowledge). The image on the right shows the corresponding matched filter image. We propose to use
an ensemble of 230,400 pixels (exemplars) from the matched filter output image for comparison with the global
statistics method normally used.

2.3 Calculating a CFAR Detection Threshold

Figure (2.5 describes the data set requirements for computing the CFAR threshold. The algorithm for computing
the CFAR matched filter threshold is depicted in Figure (2.6).
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Chapter 3

Density Estimation

3.1 TheHistogram

The histogram of arandom variable r is avery simple estimate of a probability density function f (1), based upon
measured samples (exemplars) from an experiment. The range of the random variable r isdivided (quantized) into

~

bins. The estimate f(r) of the pdf is constructed by counting the number of occurrences of the random variable
that lie within each bin. A histogram plot of f(r) is constructed in which the abscissais the bin number and the
ordinate is the number of occurrences of the random variable in each bin. The reader isreferred to [14, 29, 30] for
athorough discussion of histograms. For this project, we used the histogram as one of the estimates of interest for

f(r).

A key issue in the use of histograms is how to choose the number of binsto use. A practical rule of thumb
has been developed by Sturgess [28] using a combination of theory and empirical studies. If welet N g equal the
number of exemplarsin the dataset and V,- equal the number of binsto use for random variable r, then therule of
thumbis

N, =loga[Ng] +1 (3.2

This rule of thumb has been found to be useful by the author. However, other considerations such as ease of
visualizing the histogram by visual inspection may be the overriding consideration in choosing the bin size.

3.2 Parzen Kernel pdf Estimation

We also used a more sophisticated pdf estimator of the kernel type[14]. We chose the Parzen kernel type estimator
because of its generality, ease of use, and robustness as demonstrated by a wide variety of application observed
by the author [14, 15, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26, 27]. The Parzen kernel pdf estimator is the basis for
the Probabilistic Neural Network (PNN) proposed by Donald F. Specht [15, 17, 18]. The PNN is actually a Bayes
optimal classifier which uses pdf estimates based upon the Parzen kernel. The most commonly- used kernel is a
Gaussian-shaped kernel.

We assume that we are given a data set (or training set) consisting of exemplars from the decision class of
interest. For the LASI project, in which we wish to estimate the P 4, this means we have a set of data samples
known to have been collected from the background plus noise portion of a matched filter image resulting from
processing a hyperspectral data cube.

We chose a set of samples from the data set indicated in Figure (3.1). The data came from a cube called “rr

11
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Aircraft Direction

Figure 3.1: Here, we depict the LASI data set actually used to demonstrate the CFAR threshold estimation algo-
rithm. Pixels from the data file “rr mfcube ” were divided manually into two subsets, one consisting of “Back-
ground (BG) " pixels (actually background plus noise), and the other consisting of “Background plus Plume
" pixels (actualy background plus noise plus plume).

mfcube " with header file “rr mfcube.hdr ” created by R. S. Roberts and G. A. Clark. The data were collected
in a controlled experiment in which ethene was released into the atmosphere. We defined the background part of
the scene to be upwind from the ethene plume. Each pixel value in the background image was mapped to asingle
element z; in afeature vector X wherei = 1,2, ..., m isthefeatureindex suchthat X = [z1, 22, ..., 2,7 .

The essence of the Parzen kernel pdf estimator can be summarized as follows. Let us define the following
symbols:

1 = Training pattern or exemplar index, wherei = 1,2,...,m

m = Number of training or exemplar patternsin the training set

X = Pattern or feature vector under test, X = [z, 22, ..., 7m]".

X, =i-thtraining vector in the training set

o = Smoothing parameter for the pdf estimator (to be chosen by the user)
p = Dimension of the feature vector X (The dimension of X isp X 1)

Given a set of training vectors X ; from the training set, the Parzen kernel pdf estimateis given by:

Iy _ 1 - _(lfii)T(ifii)
PO = Gyt 20| = 32)

12



The kerndl for this estimator is a Gaussian-shaped function centered at the exemplar value X, = in multi-
dimensional space. The width of the Gaussian-shaped kernel is specified by the smoothing parameter o, which
clearly isthe standard deviation of the Gaussan kernel. The pdf estimate is the superposition, or summation of all
of these kernels summed over the training data set consisting of m samples.

The smoothing parameter choiceisvery important to the quality of the pdf estimate. Aso — 0, the pdf estimate
becomes the same as the Nearest Neighbor estimate. Also, the estimated pdf has distinct modes corresponding to
the locations of the training samples. Aso — oo the pdf estimate experiences broad smoothing and interpolation.
In addition, the estimated pdf approaches Gaussian and the PNN equal s the hyperplane (linear) classifier.

3.3 Automatic Selection of the Smoothing Parameter

Smoothing parameter selection is generally an ad hoc, manual, empirical, time-consuming activity [14]. We are,
therefore interested in automating the process. The MATLAB software written for this project allows the user to
choose whether she/he wishes to choose the parameter manually, or automatically. We implemented an automatic
scheme suggested by J. B. Cain [16]. This scheme provides a reasonable estimate of the smoothing parameter,
given the training data set. If one wishes to adjust o manually, one can use the Cain agorithm as an initia
condition for starting the manual search.

The Cain agorithm was originally intended for use with the Probabilistic Neural Network (PNN) [15], which
is a Bayes classifier, based upon pdf estimates from a Parzen pdf estimator. For that reason, the discussion of the
Cain agorithm dwells upon the classification problem. For this report, however, we are not using the Parzen pdf
estimator as part of a classifier, so the number of classesis one.

Cain’s agorithm is based upon the observation that the pdf estimate at a point (a member of the training set, or
set of exemplar samples), should be significantly influenced by more than one exemplar, but not by alarge number
of exemplars. It is clear that the larger the number of exemplars and the denser the exemplars, the smaller the
smoothing parameter o must be for best performance in estimating the pdf. In the Cain algorithm, o isset to a
constant times the average distance between exemplarsin the same class.

Let ¢ denote the exemplar index, and k denote the class index (for our case, k = 1). Let p; denotethe: — th
exemplar from the training set. Let C, denote the k — th class, and |C;| denote the number of exemplarsin the
k — th class.

Let d; denote the distance between exemplar pattern p; and the nearest exemplar in the class C,.. We can then
define the minimum distance between exemplar patternsin class C, asfollows:

davg M |Ck > di (33)

pi €C

Finally, we assign the smoothing parameter for class C';, to be:

Ok = g ® daug K] (3.4)
where 1.1 < g < 1.4. Therange of g was determined empirically by Cain, and the author has also found it to
be useful in avariety of applications[19, 20, 21, 22, 23, 24, 25, 26, 27].

The Cain agorithm is a two-pass algorithm and is summarized as follows:

13



3.3.1 First Pass

Thefirst passis nearly identical to the training method used for the PNN:
(1) Present al training patterns (exemplars) p; to the the Parzen estimator.
(2) After all exemplars are presented, set constant the number of exemplars |C x| in each of the k classes.

3.3.2 Second Pass

Assign the smoothing parameter for class C, to be [16]:

~

Ok = g ® dayg K] (3.5)

wherel.1 < g <1.4,and Eavg [k] isgiven by Equation (3.3).

14



Chapter 4

MATLAB Code

The MATLAB code for implementing the algorithmsis depicted in Figure (4.1).

4.1 Quadraturefor Calculating the Pfa

For quadrature, a short MATLAB function was written implementing the the “extended " or “composite ” Trape-
zoidal Rule algorithm, which isaccurate and practical [31, 32]. Given adiscrete function f ., where k isthe sample
index for the abscissa, and the sampling period 4, then the integration result I, at the k& — th iteration can be found
using the formula:

Iy =Ip1 + g[fk—l + fi] 4.)

Thisisarecursion and a“closed "formula, in the sense that it uses the values of the function at the endpoints.

4.2 Interpolating the Pr4 vs. 0 Curveand the r0 vs. P4 Curve

Once the estimate of f(r|H) is obtained, it can be integrated to compute an estimate of the Pr4 as a function
of the matched filter detection threshold 0. We can then interpolate 0 vs. Pr4 to obtain a curve that gives
the threshold § that will provide the appropriate desired Probability of False Alarm P4 for the matched filter.
Unfortunately, one additional step is required, because the Pr4 vs. 70 curve is not monotonic for the data we
examined. Thisis a problem because the interpolation algorithms require that the function to be intepolated must
be monotonic. Therefore, we procede in atwo- step procedure: (1) Intepolatethe Pr 4 vs. 70 curve using a greatly
reduced sampling period (about afactor of one or two orders of magnitude) to ensure that the curve is monotonic.
(2) Interpolatethe rg vs. Prp4 curve.

For function interpolation, we used a MATLAB function called “interpl ” [36]. We used the cubic spline
algorithm option, with good results.
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[[F‘fa_desi'e d,yj starrl star]=Interpolat e2 GACIr0, PfaMiterations xx1 ;0:211terp_Far.tnr_Pfa,I'llerp_Fﬂ:tnr_rﬂ,Ffa_SIH]J

[Grac e Clark]
[ NN T (R chha[ LASI Background Data Fie = EG2_EJ

sigmad =sigma_design(f1) J
{P.KZC)

[Prob_Den] =classify_pnn({Tm_Vectors, Test Vector,Class_Size,Sigmas)
(MRB, BB)

A =norm_dist(x, muA,sigmad)
(DDS)

[Pfa,r0] = Quad GAC (xx,ff,x1x2 loxx1,xx2)
{Grace Clark)

[Index] = Modulus(k,fix{ Nnpoints/10))
[JVC)

[_result]= Quad Trap GAC [, ffxx1,0002,delta_x.lo)
{Grace Clark)

Figure 4.1: The block diagram for the MATLAB code that implements the algorithmsis given in thisfigure. The
basic code, the input data file and the various functions are given.
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Chapter 5

Processing Resultsfor a Controlled
Experiment with LASI Data

The algorithms described above were tested on simulated data and real LASI data. The simulated data were used
for validating the algorithm, and the validation results are not reported here. A low-order example of the algorithm
performance using LASI datais presented next.

The datareported here were taken from a set of data samples known to have been collected from the background
plus noise portion of amatched filter image resulting from processing a hyperspectral data cube.

We chose a set of samples from the data set indicated in Figure (3.1). The data came from a cube called “rr
mfcube ” with header file “rr mfcube.hdr ” created by R. S. Roberts and G. A. Clark. The data were collected
in a controlled experiment in which ethene was released into the atmosphere. We defined the background part of
the scene to be upwind from the ethene plume. Each pixel value in the background image was mapped to asingle
element z; in afeature vector X wherei = 1,2, ..., m isthefeatureindex suchthat X = [z1,22,...,2m]7.

The processing results using the algorithms specified above are depicted in Figures (5.1), (5.2), (5.3), (5.4),
(5.5), (5.6), (5.7), (5.8), (5.9), (5.10) (5.11), and (5.12).
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Hiztogram of Data Wector: [Filename = BG2E, Msamples = B552, Mhins = 32]
Fao T T T T T T

GO0

200

400

300

Murmber of Qocurrences

200

100

Bin Murnker

Figure5.1: A histogram is plotted for the full BG2E background data set depicted in Figure (3.1). The number of
samplesin the data set is 6552, and the number of bins used for the histogram is 32.
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Hiztogram of Data Wector: [Filename = Flume2E, Msamples = 57, Mhins = 32]
1 2 1 1 I I I I
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Murmber of Qocurrences

Bin Murnker

Figure 5.2: A histogramis plotted for the Plume2E data set depicted in Figure (3.1). The number of samplesin
the data set is 57, and the number of bins used for the histogram is 32.
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Background Data Wector: [Filename = BG2E, Msamples = B3]

2 I I I I I I
1k -
% 0t -
b
-1k -
_2 | | | | | |
1 10 20 30 40 a0 B0 70
k1 = Integer Sample Index
Background Data VWector: [Filename = BG+Mean, Msamples = B3]
4 I I I I I I
g -
o
Sl i
o
1k -
|:| | | | | | |
1 10 20 30 40 a0 B0 70

k2 = Integer Sample Index

Figure 5.3; For visualization purposes, a subset of only 65 samples from the raw LASI matched filter image
background data are plotted plotted as vectors. The first figure shows the raw background data. The bottom figure
shows the raw background data with an artificial mean or 2.0 added to it. Thiswas done as a demonstration of the

PNN and its use (see the MATLAB code documentation).
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Hiztogram and Farzen Estimate:[Filename = BG2E, MMpoints = B35, Mhins = B35, Flot Type = Standard]
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Figure 5.4: The Parzen pdf estimate and the histogram are overlayed for the background data set BG2E. We see
that the estimates are similar. The number of data samples used was about one tenth of the full data set available,
655 points. For the histogram, the number of bins used was equal to the number of data samples (655 points). We
did thisfor easy comparison with the Parzen estimator. The smoothing parameter o = .0072 for the Parzen kernel
pdf estimate was chosen using the automatic algorithm proposed by Cain [16].
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Probability of False Alarm Pfa(r0) vs. rO:
0.7 T T T T T T T
| Linear — Linear Plot

0.6 i

Pfa(r0)

0.1 i

3.4 3.6 3.8 4 4.2 4.4 4.6 4.8 5
r0o

Figure 5.5: Pr4 vs. o isplotted using alinear-linear scale. Thisisthe result of integrating the upper tail of the
pdf estimate for multiple values of the decision threshold r . These data contain nondistinct values of Pr 4.
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Pfadr)

o Frobahility of Falze Alarm Pfafr0) ws. r0:
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3.4 3.5 3.4 4 4.2 4.4 4.5 4.4 5

{1

Figure 5.6: Pr A VS. 1o isplotted using alog-linear scale. Thisisthe result of integrating the upper tail of the pdf
estimate for multiple values of the decision threshold r . These data contain nondistinct values of Pg 4.
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Pfai vs. rOi:[Interp Factor for Pfa = 1.000000e+02]
07 T T T T T T T
| Linear — Linear Plot

03

Pfai (Interpolated)

3.4 3.6 3.8 4 4.2 4.4 4.6 4.8 5
rOi (Upsampled)

Figure 5.7: The interpolated version of Pra VS. 7 is plotted using a linear-linear scale. This is the result of
integrating the upper tail of the pdf estimate for multiple values of the decision threshold r . These data DO NOT
contain nondistinct values of Pr4 because the interpolation removed them. The interpolation resampling factor
used was 100.
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Ffai {Intespolated )

o Ffai ws. rOi:[Interp Factor for Pfa = 1.000000e+02]
10 I | T T T | |

Log - Linear Flot
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m'm I I I I I I I
3.4 35 3.0 4 4z 4.4 45 45 5

FOi  Upsampled )

Figure 5.8: The interpolated version of Pr4 VS, rg is plotted using a log-linear scale. This is the result of
integrating the upper tail of the pdf estimate for multiple values of the decision threshold r . These data DO NOT
contain nondistinct values of Pr4 because the interpolation removed them. The interpolation resampling factor
used was 100.
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rO vs. Pfa:

Linear — Linear Plot

0.6

Pfa

Figure 5.9: A linear-linear plot of r vs. Pr4 isdepicted here.
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r0]
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Figure 5.10: A Log-linear plot of ro vs. Pr 4 isdepicted here.
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y (r0 interpolated) vs. Pfadesired:[Pfastar = 1.000000e-01, rOstar = 4.462426e+00, jstar = 21]
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Figure 5.11: Linear-linear plot of the interpolated ro vs. the interpolated Pr4. An example of determining the
decision threshold is demonstrated here. Referring to the figure title, we see that we asked the agorithm for a
desired Pr4 = P} 4, = P fastar = .1, and the algorithm returned the appropriate r§ = rOstar = 4.462.
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v (r0 interpolated ) vws. Pfadesired:[Ffastar = 1.000000e-01, rOstar = 4 462426e+00, jstar = 21]
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Figure 5.12: Log-linear plot of the interpolated ro vs. the interpolated Pr4. An example of determining the
decision threshold is demonstrated here. Referring to the figure title, we see that we asked the agorithm for a
desired Pr4 = P} 4, = P fastar = .1, and the algorithm returned the appropriate r§ = rOstar = 4.462.
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Chapter 6

Conclusions

We developed a gorithms and MATLAB software for computing a CFAR matched filter decision threshold for the
LASI project data. We demonstrated proof of principlefor the algorithmsusing asmall LASI dataset. Future work
includesimplementing the algorithmsin the IDL/ENV I language, applying the pdf estimation and CFAR threshold
calculation algorithms to the LASI matched filter based upon a full-size set of global background statistics, and
devel oping a new adaptive matched filter algorithm based upon local background statisitcs[3]. Along withthisisa
plan to perform a“backward ” integration for the Pr 4, rather than the forward integration used in this report [3].
Another goal is to implement the 4-Gamma pdf modeling method proposed by Stocker et. al. [4] and comparing
results using histograms and the Parzen pdf estimators.
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