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RESUME

Dans ce rapport nous évaluons 1'efficacité de 6 algorithmes
spécialisés dans la segmentation de cibles sur images IR. Ces
algorithmes de segmentation, ou segmenteurs, reposent tous sur le
principe voulant que la signature thermique d'une cible soit supérieure
a celle de tout objet de l'arridre-plan. Les 3 premiers segmenteurs
abordent 1l'image de front, en son entier, tandis que les 3 derniers
incorporent la technique de redressement de 1‘arridre-plan (TRAP),
visant 3 éliminer 1'arrire-plan en tout ou en partie en le nivelant.
Les divers slgorithmes sont jugés d'aprés a) leur taux d'extraction, b)
la fidélité du processus de segmentation en ce qui concerne les

propriétés géométriques des cibles cibles et,finalement, d'aprés c) le

degré d'individualisation imprimé aux cibles extraites par rapport aux
pseudo-cibles. Les 3 segmenteurs centrés sur TRAP ont une meilleure
éf probabilité d'extraction que les trois autres qui essayent d'éliminer
1'arri2re-plan simplement en morcelant 1'image. Par ailleurs, la
plupart des segmenteurs considérés dans ce rapport alt2rent d'une facon
ou d'une autre la forme des cibles. Les deux exceptions 3 cette r2gle
sont les segmenteurs No. 1 (génerateur de silhouettes & seuil
d'intensité unique) et No. 6 (le précédent segmenteur allié 3d une
version particulidre de TRAP). Les résultats expérimentaux montrent que 3
1'intensité, le contraste et la variance sont les traits qui permettent
;? le mieux de départager les cibles et les pseudo~cibles. Des expériences
‘ de classification réalisées & 1l'aide du segmenteur No. 6, lequel s'avere
le meilleur, en fonction de ces traits caractéristiques indiquent que

1'on peut espérer obtenir un taux de détection qui excéde 90% aQec un

taux de fausses alarmes inférieur d 3%. (NC)
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£ 1 ABSTRACT
. \Q:;s report presents an evaluation of the performance of 6
algorithms dedicated to segmentation of targets in IR imagery. These
segmentation algorithms or segmenters are based on the sinqle assumption
that the targets display a larger thermal signature than the background.
The first 3 segmenters deal with an image in its entirety, whereas the
last 3 incorporate the Background Elimination Technique (BET), which

aims at eliminating wholly or partly the background by levelling it.

The segmenters are judged according to a) their extraction rate; b) the

fidelity of the segmentation with respect to the geometrical properties
of the extracted targets; and c¢) the degree of distinctiveness imparted

to the extracted targets as opposed to the nontargets. The 3 seqmenters

T T TS

relying on BET have a better extraction rate than the other 3 that try
to cope with the background simply by partitioning the image. Most
segmenters here distort in one way or another the shape of the targets. ]
The two exceptions are segmenter No. 1 (Sinale Intensity Threshold |

Silhouette Generator or SIT Generator) and No. 6 (SIT Generator in

conjunction with a particular version of BET). The experimental results
show that the intensity, contrast and variance features are the most
effective in discriminating the targets from the nontsrqets. __The
classification rpesults one can expect from these features together with
the segmenter that proves to be the best (segmenter No. 6) amount to a

detection rate in excess of 90% with a false alarm rate not qreater than

3% (V)
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1.0 INTRODICTION

A previous revort (Ref. 1) describes various segmentation
algorithms developed at DREV in relation to tarjet acauisition in IR
imagery. The present progress revort evaluates the verformance of these

segmentation algorithms.

A total of 6 segmentation algorithms or seymenters are

investigated. First, there is the 3imjle Intensity Threshold

Silhouette Generator. It is an early aljorithm (Refs. 2 and 3) that has

been successful in detecting taraets in IR BOFORS imajery. In Ref. 1,

we demonstrate that one can use a thresholding intensitv function in

lieu of a fixed and global threshold thus 4giving, among other

- possibilities, the Staircase Intensity Threshold Silhouette Generator
and the Interpolated Staircase Intensity Threshold Silhouette Generator.

- These constitute the first 3 segmentation aljorithms. The 1last 3
algorithms, unlike the aforementioned ones, do not deal with an image in

its entirety. 1Instead, they try first to eliminate the backqround or,

at the very least, to uniformize it. To this end, they incorporate the

Background Elimination Technigue (3ET) expounded in Ref. 1, a techniaue

4 which operates on a line-by-line basis and uses a narrow bandwidth

e

low-pass filter to assess the 4Jeneral tendency of the backjround in
order to subtract it from the signal corresponding to a line of the
image. Because of its real-time imolementation potential, we obted for 9
a recursive filter and, more exvlicitly, for a 4-pole Butterworth filter |
(Ref. 1). 3ince BET can be applied either to the set of lines or

colums of an image, it generates 2 images referred to as the Horizontal

Fine Structure imaje and the Vertical Fine 3Structure imaje resvectively,
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One can then attempt to extract targets by seymenting one of the fine
structure images, or a conbination of both, with the aid of, say, the
Single Intensity Threshold Silhouette Generator. The options retained
are explained in Sec. 2.0.

As the evaluation process is necessarily based on some sort of
imagery its scope is somewhat limited. The imagery we used is known as
the Alabama Data Base and consists of 43 thermoscooic images. These
contain tanks, armoured personnel carriers, jeeps and, in one instance,
a bus. Although they represent qround scenes, we would term their
background as moderately cluttered. On the other hand, the images are
relatively clean and, for all wvractical purposes, can probably be
considered as noise free. Hence, this imagery constitutes a jood test
~f the segmentation algorithms although it might nct be representative
of real-life battlefield situations.

The effectiveness of a varticular sejmenter is generally

characterized:

a) first, by its extraction rate, that is, its ability to

segment all the targets present in the imagerv;

b) by the fidelity of the segmentation orocess as regards the
geometrical properties of the tarjets, this aspect is

important to further discriminate the targets into classes:

c) and, finally, by what we would call the degree of
distinctiveness introduced amonqg the sejmented objects and,
in particular, between targets and nontarqets.
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The first two moints are auite easv to evalnate 3ince we ‘now heforchand

the exact number of tarjets as well as their resrective location, The

e i s i S

last point 1is a bit more tricky for the seymented obiects cannot be

e

dissimilar in every way. So the vroblen is really twofold: determine

the most discriminatory feature or set of festures and measure how well

it separates the segmented objects corresmonding to tarjets from those
corresponding to nontargets, Section 4 1lists and defines all the
features that were extracted., We limited ourselves to those that can be

extracted sequentiallv in the smace of a sindle wvass over the ivage.

The sequential extractor used is based on the Labellina-bv-Trackim

Algorithm a short description of which is 9iven in 3ec. 5. More
information about this extractor can be found in Ref. 4. The abilitv of
a given feature to discriminate between tarqet and nontaraet senmented
objects is judred accordiny to the histoarems of that  feature
. respectivelv for the targets as a whole and the nontartets as a whole.
If both histograms neak at the same feature value, the feature in
question is useless. On the contrary, if the 2 histonyrams do not

overlap at all, that feature alone is sufficient to isolate the targets.

Hence, the amount of overlapning is a measure of the discrimination .
oower. We heave 4gathered together in 3ec., 6.1 all the histograms that
were determined for 2 seqmenters out of 6, and in Sec. 6.2 some scatter ;
plots of the most useful features. Section 6.3 discusses the oros and
cons of the various segmentation aljorithms to finallv conclude that the
best segmenter here is the 3ingle Intensitv Threshold Silhouette
Generator in conjunction with the arithmetic mean of the 2 fine

structure imanes.

-

P oy ,.:-A-;n.ﬂvwd_AL-u..muM-‘
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This work was verformed at DRIV between Anril and November 1979
under PCN 21J11 "Automatic Taraget Acmisition".
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2,0 SEGMENTATION ALSORITHS TO BE EVALUATED

o > e = - - P - e B -

The segmentation algorithms investigated are:

1)

2)

3)

4)

5)

6)

The 3ingle Intensity Threshold Silhouette Generator,

hereafter designated as SIT Generator.

The Staircase Intensity Threshold Silhouette Generator,

hereafter designated as 3CIT Generator.

The Interpolated Staircase Intensity Threshold Silhouette

Generator, hereafter desijnated as ISCIT Generator.

The SIT Generator together with the Horizontal Fine Structure
image, hereafter designated as SIT Generator with BET(HFS);

BET stands for Background Elimination Techniaue.

The SIT Generator together with the Maximal Fine Structure

image, hereafter designated as SIT Generator with BET(Max).

The SIT Generator together with the Mean Fine Structure

image, hereafter designated as SIT Generator with BET(Mean).

we will also sometimes refer to these segmentation aljorithms as

segmenter No. followed by the appropriate nunber.

The SIT Generator is an earlv alaorithm that was used to detect

tarjets in IR BOFORS imagervy (Refs. 2 and 3). The defininmm nrocedure of

this segmenter as applied to the imajery used for evaluation is:

aa b caiihas

o I S
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a)

b)

c)

d)

e)
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Divide the image into 16 sub-images by quartering both axes.
Determine the histogram of each sub-image.

Find out the cutoff gray level of each vartial histogram.
Scanning the histogram from the highest bin down, the cutoff
gray level 1is defined as the gray level of the first bin

occupied by at least 3 pixels.

Discard the cutoff gray levels less than the 80th percentile
of the histogram of the whole image and then choose as a
global intensity threshold the smallest of the remaining

cutoff gray levels.

In extremis, if it ever happens that all the cutoff gray

levels are equal, use the 80th percentile as a threshold.

The SCIT and ISCIT jenerators are variants of the SIT Generator.

Formally, the defining procedure of the SCIT generator is:

a)

b)

c)

Partition the image horizontally into 4 independant sections.

Divide each section into 4 sub~images.

Determine the histogram of each sub~image within each

section.

DR ————T A e Y s et o S et Al P Ve RN N s e
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d) For each section, find out the cutoff grav level of all the

histograms.

e) For each section, discard the cutoff grav levels less than
the 80th overcentile of the sectional histoqram and choose as
a global intensity threshold for that section the smallest of

the remaining cutoff gray levels.

This procedure gJenerates 4 discrete intensity thresholds or, if we nlot
the threshold for each line of the image against the 1line number, a
staircase-like discontinuous thresholding intensity function. As
explained in Ref. 1 and evidenced in Fiq. 1, the SCIT Generator is bound
to create artifacts whenever the thresholds of two adjacent sections
differ widely. A manifest way to eliminate these artifacts consists in
smoothing the transition between two sections by linearly intermolating
the relevant thresholds. The continuous thresholding intensity function
that results thereof defines the ISCIT Generator. This generator as
well as the SIT and SCIT Generators are depicted in Fiq. 1. Although we
did not implement it, it might be worthwhile to add to the SCIT and
ISCIT Generators a last-resort alternative, similar to e) above, for the

case where all the cutoff gray levels of a varticular section are eaual.

The 3 segmenters we will now outline, unlike the previous ones,
do not deal with the image in its entirety. In fact, thev all include
common technique which aims to suppress all or part of the background.
This technique, referred to as BET and described in detail in Ref. 1,
operates on a one-dimensional signal (a 7viven line or column of an

image) and uses a narrow bandwidth low-pass filter to assess the gjeneral
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A)

B)
C)
1)
2)
3)

FIGURE 1 - Segmenters No. 1, 2 and 3

Image ALA 6 3 from the Alabama Data Base
(1: raw; 2: histogram equalized;

3: sub-images delineated)

Thresholding Intensity Functions

Segmented Images

Single Intensity Threshold

Staircase Intensity Threshold

Interpolated Staircase Intensity Threshold
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tendency of the background and then subtract it from the signal itselt.
Because of its real-time implementation wnotential, we opted for a
recursive infinite impulse response filter and, to be more specific, for
A a 4-pole Butterworth filter (FPBF). Such a filter can be realized (Ref.
. 1) as a cascade of 2 second-order systems. The resulting set of linear

difference equations is:

£, = x [((0-2)T] ,
'v £,(nT) = £, () - b E£,[(-1T] - by, [(-DT] ,
1]
' fs(nT) = fz(nT) - bsfs[(n-l)T] - b4f3[(n-2)T] R
y (nT) = bOfS(nT)
with bO = (1 + b1 + bz)(l + b3 + b4) ,
* *
b1 = - (Z1 + 21 ) b2 = Z1 Z1 [2]
* *
by =- (2% 2;) » by=121
where Z, ='exp[-2wfc(cos 67.5° - j sin 67.5)/f ]
{31
22 = exp[-2nfc(cos 22.5 - j sin 22.5 )/fs]
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In these equations, x designates the input signal, v the filtered outout

signal, T the sampling interval, fc the 3-dB cutoff freauency of the

filter and fs the sampling freaguency of the signal. The asterisk in [2]

denotes the complex conjugate. frequency of the signal. The asterisk

in [2] denotes the complex conjugate.

To illustrate BET we will use the signal of Fiq. 2, which
corresponds to line 175 of image 6 from the Alabama Data Base, and f

assume that the 3-dB normalized cutoff freauency (fc/fs) of the low-vass

et e aad el e e B bl kil Ll

FPBF digital filter is equal to 0.01 (to process the evaluation imagery
we used a cutoff frequency of 0.05; see Ref. 1). The filtered signal
generated by such a filter is shown in Fig. 2a along with the input

signal. 'Two points are worth mentioning about the filtered signal:

a) There is a drooo in the filtered signal at its origin.

b) The filtered signal is shifted to the right.

The first anomaly can be easily corrected by selectinqg the initial
conditions so that there is no transient at the origin. It can be shown

(Ref. 1) that the required initial conditions are:

fs(nT) H/ b0 i
and (4] !
fz(nT) H/ (1 + bl +b

2)
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FIGURE 2 - Background Elimination Technique (BET)
The illustrative signal is line 175 of
image 6 from the Alabama Data Base.
The 3 peaks correspond respectively
(from left to right) to a tank, an APC
and a jeep. The cutoff frequency of
the filter is 0.01.

A) FPBF filter initially at rest

B) FPBF filter with nonzero initial .
conditions; the solid line is the
left filtered signal while the

dashed line is the right filtered .
signal.

C) Arithmetic mean of the 2 filtered
signals

D) Fine structure or fluctuating
component of the input signal
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for n<0; 4 is the value of the input sijnal at t=0+. Fiq. 2b shows the
filtered simnal (solid line) that results when we use these new initial
conditions. The second anomaly can be as easily corrected by shifting
the filtered siqnal to the left. However, rather than rectifying this
anomaly we will take advantaje of it to clip the peaks. Let us consider
Fig. 2b. The signal is fed to the filter from left to rigqht. Normally,
we would expect the filtered signal to peak at, or close to, the
position of the main spike in the input signal. Instead, it overshoots
to the right. Therefore, had the signal been fed from riqht to left,
the overshoot would have occurred to the left (dashed line in Fig. 2b).
By combining both filtered signals in some fashion, we can expect to end
ub with a curve that will bypass entirelv the peaks to follow only the
broad characteristics of the input signal. Various combinations were
tried (Ref. 1). All things considered, the arithmetic mean (Fig. 2c)
was judged most satisfactory. Fig. 2d exhibits the fine structure
(fluctuating comoonent) of the illustrative signal, that is, what is
left of the signal once the estimated trend of the background is

removed.

The Background Elimination Technioue can be avplied either to the
set of lines or columns of an image thus producing 2 distinct images
(Fig. 3) referred to as the Horizontal Fine Structure (HFS) image and
the Vertical Fine Structure (VFS) image respectively. Althoujh these
images turn out to be highly textured, they do not exhibit, unlike the
parent image, large-scale fluctuations. This is imoortant for
large-scale fluctuations may easilv fool a seqmenter 1like the SIT
Generator based on the single assumotion that the targzets present a
larger thermal signature than the backjyround. The S3CIT and ISCIT
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generators do try to circumvent the problem by slicing the image into
sections whose backqround may be considered as "uniform", but then the
crux ocenters on the manner in which the sections are defined. With the
2 fine structure images, this crucial question does not arise because
their background, on a large-scale basis, is inherently uniform. In
consequence, the SIT Generator should be well suited for thresholding
the fine structure images. The veracity of this affirmation is
confirmed by the results of Figs. 3d and 3e. The procedure leading to
Fig. 3d defines segmenter No. 4: SIT Generator with BET (HFS).

The segmentation of both the HFS image (Fig. 3d) and the VFS
image (Fig. 3e) results in targets whose shabe is slightly distorted.
However, since the distortion is more outstanding in one direction than
in the other, and since the dimension affected is different whether HFS
or VFS is involved, it should be possible to maintain intact the shave
of the targets by thresholding a joined image resulting from some
conmbination of HFS and VFS. The following sensible combinations were
formed:

a) Maximal Fine Structure image, where the value at any gqiven
location corresponds to the maximum of HFS and VFS for that

location.

b) Mean Fine Structure image, where the value at any given
location corresponds to the arithmetic mean of HFS and VFS
for that location.

e A
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FIGURE 3 - Thresholding of the fine structure
images derived from image 6 3 of
the Alabama Data Base:

a)
b)

c)
d)

e)

Original histogram - equalized

image

Horizontal Fine Structure (HFS) image
Vertical Fine Structure (VFS) image
Segmented image generated by
thresholding HFS with the SIT
Generator; this defines segmenter

No. 4: SIT Generator with BET (HFS).
Segmented image generated by
thresholding VFS with the SIT
Generator

The images b and ¢ were postprocessed,
for display purpose, first by adding
a constant bias, 8o as to remove
negative gray levels, and then by
stretching the gray levels bounded

by the 5th and 95th percentiles
linearly over the display range.
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The first combination defines segmenter No. 5 (SIT Generator with
BET(Max)) and the second one segmenter No. 6 (SIT Generator with
BET (Mean)).

3.0 IMAGERY USED FOR EVALUATION

To reliably evaluate the performance of a particular segmenter,
we need some sort of imagery to start with. However, this very fact
somewhat 1limits the scope of the evaluation to a certain type of
background, noise, image gquality etc. The imagery used here for
evaluation is known as the Alabama Data Base and consists of 43
thermoscopic images. The spectral region of the majority of them (30
out of 43) corresponds to the 8-14um band, and that of the remaining
ones to the 3-5um band. Altogether the images contain 85 targets, some
of them so close to each other as to form a distinct entity, distributed
as follows: 40 tanks, 29 armoured personnel carriers (APC), 15 jeeps
and, finally, a bus. The number of targets in a single image never
exceeds 3 and no image contains 2 targets of the same type. Although
the images represent ground scenes, we would term their background as
moderately cluttered. On the other hand, the images are relatively
clean and, for all practical purposes, can probably be considered as
noise free. The size of the images is 420 x 335 vixels and they are
digitized according to a 256-level grayscale. The images were in no way
preprocessed prior to segmentation but, for display purpose (e.g. Figs.
1 and 3), they were postprocessed by histogram equalization, which
almost consistently yields "good-looking" images.
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4.0 PFOUNDATIONS OF THE EVALUATION PROCESS

An overview of the scientific literature devoted to automatic
target acquisition would reveal that the effectiveness of a particular

segmenter is generally characterized

a) first, by its extraction rate, that 1is, its ability to

segment all the targets present in the imagery;

b) by the fidelity of the segmentation as regards the
geometrical proverties of the targets; this aspect is

important to further discriminate the targets into classes;

c) and, €finally, by what we would call the degree of
distinctiveness introduced among the segmented obijects and,

in particular, between targets and nontargets.

The first two voints are quite easy to evaluate since we know beforehand
the exact number of targets as well as their respective location. The
last point is a bit more tricky for the segmented objects cannot be
dissimilar in every way. So the problem is really twofold: determine
the most discriminatorv feature or set of features and measure how well
it separates the segmented objects corresvonding to targets from those
corresponding to nontargets. 1In this section, we list and define all

the candidate features. We limited ourselves to those that can be

extracted sequentially in the space of a sinale pass over the imane.
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je will first define a ~nuantitv that asonears in manv eoxorassions

below. Given an arbitrarv semented obiect 3, the (n,a) th moment m

’
of 3 i3 defined as

=.1.§§ P4 =0,1,2 ..
mp,q N Xy n(XJYJ P,q Y] .

where 1 denotes the nutber of opoints in summation, x and v the svatisl
coordinates, and where the value of n at 2any voint (x,v) is nrorortional
to the brithtness (or gray level) of 3 at that wvoint. WWe ca2n now
oroceed with the definition of the featurcs involved in the evaluation

Drocess.

1) Area(A) - The area of S is just the number of voints in 3:

A =N 13

2) Perimeter (P) - Rosenfeld and Kak (Ref. 5) n1ive 4 nossible

definitions of the nerimeter:

a) The number of pairs of noints (u,v) with u in 3 3nd v not

in 3.

b) The number of steos taken v a border-followina alaorithm

in followingy all the borders of 3.

¢) The seme, but with diaqonal steons counting ]2 each,

while horizontal and vertical stems count only 1 each.
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1)  Tha nirmaer of horder moints of 3.

We have adooted the first definition for it can be easily comouted
sequentially and also because it yields the riqght answer for a square.
It should be emphasized here that not only the perimeter of the outside

border but that of all the borders of the segmented object are computed.

T = 4n(52) . (7]
p

It can be shown that T has a maximum value of 1, which it achieves if
the segmented object in question is circular. Loosely speaking, the
fatter a sejmented object is the greater will be the associated thinness
ratio; conversely, line-like or largely perforated obfécts will have a
thinness ratio close to =zero. Moreover, the thinness ratio is
dimensionless and hence depends only on the shape (but not the scale) of

the segmented object.

4) Average Intensity(B) - The average intensity or brightness is

a function of the average temperature of the underlying object and is

defined as

B=m (8]

D et s A i, e
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5) Average Contrast(C) - Contrast has many definitions. The one

used here is
C= (Bt - Bb)/Bb 9]

where Bt refers to the brightness of the segmented object and Bb to
that of the background immediately surrounding the object. We already
know how to compute Bt' We can compute Bb in the same way but, then, we
have to specify what the background S of S is. Obviously, 3 should
not include S or another segmented object. Moreover, it should not
stretch out too far away from S in order that C be a local measure of
contrast. These requirements are easily met by -extending (Fig. 4) in
both directions independently all the runs of segmented pixels present
on any given scan line. The extension of one end of a run proceeds
until another run of segmented pixels is hit, or until the run has been
extended by half its length. In this way, the area of S is about the
same as that of S. Although this scheme may distort the measurement of
C by introducing a certain degree of directionality, this is not a major
drawback for the segmented objects more often resemble objects 1 and 2
in Fig. 4 than objects 3, 4 or 5 where the effect of directionality is
most damaging. On the other hand, an important asset of this scheme is

its ease of implementation.

6) Relative Intensity(B') - The relative intensity is obtained

by mapping the average intensity of a segmented object within a given

frame into a scale from 0 to 1, that is, a scale independent of the
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overall characteristics of the imagery. We used to define the relative

intensity as

B'i = (Bi - Bmin)/(Bmax - Bmin) i=1,2... M (10}

where M is the number of segmented objects within the frame in question

and Bmin

the Bi's. However, this expression is not flawless. For example, if

and Bmax are respectively the largest and the smallest of all

M = 2, the relative intensity of one segmented object will be 1 and that
of the other 0 regardless of their respective brightness. From the
standpoint of discrimination, this is not desirable for it might well
occur that both segmented objects are targets. In fact, the same
situation is bound to happen each time the number of segmented objects
is equal to or less than the number of expected targets. So, when the
number of segmented obijects is small, in our case small means less than
6 (this number is greater than the maximum number of targets one can
find in any image of the Alabama Data Base in order to account for
multiply segmented targets), we use the following expression instead of
[9]:

B i = Bi/Bmax i=1,2,... M<6. [11]

One may wonder why [1l] alone is not used. It is simply because
exper imentation shows that in most cases [10] better discriminates the

targets from the nontargets.

7) Relative Contrast(C') - The relative contrast is defined as

the relative intensity.
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8) Centroid(x,y) - The centroid of a blob (segmented obiject) is

the point (x,y) whose coordinates are given by

X=m /
1,0 7 M,0 *
and [12]

vy=m / M0 *

9) Principal Axis(®) - The orincipal axis © is the anqgle for

which the moment of inertia of a blob about a line through its centroid

is as small as possible. It can be shown that

o - arctan (2M1’1 / (MZ,O - MO,Z) )

[13]

where M =m /m - X

The Mp q's are nothing but central moments, that is, the above moments
14

evaluated around (x,y) as the origin.

10) Overall Width(lll - The overall width of a blob is defined

as
L=xg - %y [14]

where Xe is the abscissa of the lower right corner of the smallest

rectangle circumscribed around the blob and X that of the upper left

corner of the same rectanjle.

i
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11) Overall Height(h) - The overall height is simply the

difference between the ordinates corresponding to Xp and X 2

12) /b Ratio

13) Bulkiness(e) - The bulkiness is the proportion of the

circumscribed rectangle occupied by the blob:

e = a/( fxh) . (16]

14) Major and Minor Diameters(dl,dz) - The eigenvalues of the
matrix
Mo o M

M1 Mo,2

of second central moments are

r, = M

) 0.2 + Ml,l / tan©

(17]

2
r, = M2,0 + Ml,l / tan©® .
These eigenvalues are the principal moments of inertia of the blob and
it can be shown that the larger eigenvalue corresponds to the principal

axis. The major and minor diameters are then defined as

d1=l+2r1 and d2=1+2r2. (18]
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15) Aspect Ratio(a) - The aspect ratio is 7jiven by
a=d,/4d, (19]

where d1 denotes the major diameter. This guantity is then always

greater than (or possibly equal to) 1.

The last 8 features aim at characterizing the statistics of S (segmented
object) and 5 {background of S). A complete specification of the
statistics of say S is wpossible if one knows its moments m (there
should be no confusion between m,

index) defined by

q and mk since the latter has only one

L4

m =BG = D e [20]
Clearly,

the brightness or the average intensity of S. The corresponding central

moments are given by

M o= E () - BN =k ) men-n . (21]
S

These can be expressed in terms of m:

K
k! r._.Tr
My = ;_r!_(k'-'r')—! "B m - [22)




UNCLASSIFIED

28
In particular
_ 2

m, =m, - 8", (23]
M. =m - 35m + 28 [24]
3°- M L) ’

M =m -48m +68°m - 38 [25]
4 - My 3 2 .

Given these expressions we readily obtain:

" =M, . [26]

16) Blob Variance (02)

17 S8lob_Relative Variance - This quantity is defined as the

relative intensity.

18) Blob Skewness

M3 /o 127]

19) B8lob Kurtosis

s o s e o

M4/0 -3 (28]

and their counterpart as rejards S.
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5.0 SEQUENTIAL FEATURE EXTRACTOR

In this section we briefly describe (more information can be
found in Ref. 4) the seqguential algorithm used to extract from a

segmented image the various features listed in the preceding section.

3uch an algorithm is called a teature extractor and it can ke regarded
N emuiATior O 2 hvootietiosl hardware unit of tre zame rams. T3
GaB: o meaniny 10 raflocted o the rtermingloe 0 2 mare Faeq s
CACTATUL v T mass orocoaaure el the o2a o N noauesticr
soneolmes referroa! tr in Tno zclentific literature as the

Labelling-by-Tracking (LT) Algorithm (Ref. 5). References 4 and 8
describe a more complex extractor, the Boundary Continuation Algorithm,
that can also fulfill the same task. Given a thresholding intensity
function of the kind defined in Sec. 2, both extractors can segment the
image, identifv the objects generated, and extract the relevant features

in a single image scan.

The memory of the LT-extractor consists of a scan line array plus
a feature array. The first array contains the current scan line of the
image beinqg processed as well as the immediately preceding the scan
line. It is initially set to zero and afterwards upndated bv replacing
the precedent scan line by the current one and readinqg in the subsequent
one. The scan line array is equivalent to viewing the image tnrough a
downward moving slit whose width matches that of the image, but has only
2 pixels in height. The feature array has an arbitrary number of lines
whereas the number of columns is a function of the number of features to

be extracted. The number of columns is not exactly equal to the number

of features because some of these are nothing but a combination of other
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features (e.g. the aspect ratio), while, on the contrary, it is

b necessary to accumulate more than one gquantity to determine other
features (e.q7. the principal axis). On the other hand, there are no
fixed rules as regards the number of lines. We can sav, for sure, that
it should at least e equal to the maximum number of exovected tarqgets

and nontarqets in a single frame but, in oractice, it should be chosen

-y

lairder than that for 2t zome point in the extracticn onrocess an  chiect
=7 tervnaracily oo L1t oun into sevaral omnenents. These cornonentcs

TOLY ool s o alcimzpel CerTe o 1o the meantine the  foanure
E say rooxrl ool ot Tigtars o rgot Inr oo, D ine numher of linee of
“r Fearis arrss o0 oot Large enonoan, the sxtoaction mrocess  wiilo nok

~cassarils bhe b it miaht e slowed Aown acorociably mecaces

ot freauent updates (Ref. 4). One colum of tne feature arrav is zet
apart for a substitution table that keeos track of all the comoonents of
the wvarious objects. This table is the kev for undating the feature

array (Ref. 4).

We detail hereafter the procedure used by the LT-extractor to
identify the objects generated by the segmentation process. The
identification is done by labelling the wvarious objects, that Iis,
assigning a specific number to each of them. It should be obvious from
this procedure that the vixels belonging to an object are assumed to be
8-connected (Refs. 4 and 5). Let n, (7} be the label assianed to the
3 jth pixel (Fig. 5) of scan line i (even thounh both use the same letter
( it 1is unlikely to confuse the qray level n(x,v} with the label ni(j))

, and n, the last number utilized to label a new object. Furthermore, let t

NSk a5 30" S W ) £ alade it e S i AR
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us assume that all the pixels belonging to the background are set to

zero. Then,

1)y if n,_, -1 xn,_,(3+1) # 0

and
n,_;(3-1D #n._ (G+1) }

we conclude that the relevant pixels are connected through the diagonal,
and consequently that they belong to tihie same object. We determine
which label has the greatest value, say ni_l(j—l), and reolace 1in the

substitution table all the n, ,(j-1)'s by n;_,(j+1)

2) Next, we put
n, (3) = ni_l(]-l) if ni_l(]-l) # 0; otherwise

ni(]) = ni_l(]) if Di_l(]) # 0; otherwise
n;(3) = n,_,(G+1) if n._,(3+1) # O; otherwise
n;(j) = ni(j—l) if ni(j-l) # 0; otherwise

we conclude that the pixel (i,j) is not the continuation of an existing

object but the beginning of a new one. We can then set

3) ni(j) =ng +1

but in this way all the objects, whatever their size, will be 1labelled,

that is, even l-pixel and 2-pixel objects. However, these objects are

B e . — ~
A e ang o
AP o S a _— . , . Y .. - o "> L

L e Lol . > Daanthal
- ¥ A Bhe Fhamaih i o s ALl ) :
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obviously (here) nontargets and labelling them unnecessarily overloads
the feature array and, in some instances, can oossibly saturate it. It
is then preferable to eliminate them at once. To this end, it suffices

to replace the preceding step 3) by

3')
n,(3) = 0 if n (j+1) = 0; otherwise _
n;(3) =n;(3+1) = n,_,(3+2) if ni_l(]+2) # 0; otherwise
ni(j) = ni(j+l) =0 if ni(j+2) = 0; otherwise

we conclude that the pixels (i,j) and (i,j+1) belong to a new object and
we set
n;(3) = n;(j+1) =n_+L.

It is worth noting that this step also eliminates slanted lines
(lines parallel to the scan direction remain but they are eliminated
later when the feature array is updated) whose width is less than 3
pixels as well as line-like object protuberences jutting out counter to
the scan direction. This might be a source of distortion of the object
shape, but probably not a serious one considering that the boundary of
the targets is in general relatively smooth (this is true mainlv because
the targets are small and line-like features such as a tank's gun are

unresoived) .

4) If n, (3-1) # 0

and ] v

we are faced with 2 object segments connected by one end. This piece of

information is entered into the substitution table as described in 1.
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Given that the number of lines of the feature array is fixed, it
might well happen that the extraction process will have to be halted
despite repeated updating operations because the feature array is full.
To reduce the number of updates and to prevent the feature array from
saturating, the above procedure can be modified so as to utilize the
smallest number of labels to identify the objects. Let J = j-1 and L,
be the number of pixels labelled ni(j). Then 4) is replaced by:

4'y If ni(J) # 0 and ni(J) # ni(j) set
L(j) = L(j) + 1,
L(J) = L(J) -1,
ni(J) = ni(j),

and we repeat for J = J-1 if n,(J-1) # 0; otherwise we nut

n =n =1 if L{(J) = 0; otherwise

o) o]
we conclude that there exists on scan line i-1 an object segment
labelled ni(J) that belongs to the same object as the segment ni(J). We

then modify the substitution table accordingly. This simple step
frequently allows. us to save a label (Ref. 4).

5) Repeat from 1) with the next pixel different from 0.
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6.0 EXPERIMENTAL RESULTS
We mentioned in Sec. 4 that one valuable attribute of any
segmenter is the degree of distinctiveness it introduces among the
segmented objects and, in particular, between targets and nontargets.
We also pointed out that we cannot expect the objects to be dissimilar

in every way and, consequently, that the problem is really twofold:

a) Determine the most discriminatory feature or set of features.

b) Measure how well this feature or set of features separates the
objects corresponding to targets from those corresponding to

nontargets.

We have defined in Sec. 4 the complete set of features we intend to
consider for this purpose. The means to be used to assess the
discriminatory power of a given feature will consist in a comparison of
the histograms of that feature both for targets and nontargets, and this
for each one of the 6 segmenters described in Sec. 2. The total system

of operations, illustrated in Fig. 6, is:

1} The 43 raw images of the Alabama Data Base are wvrocessed in

turn by all 6 segmenters.

2) The segmented images are passed on to the LT-extractor and

the ohject features extracted accordingd to the orocedure

outlined in Sec. 5.
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* Segmenter #1 *

* Segmenter #2 *

* menter #3 *
Alabama Segmenter #3
Data LT-Extractor
Base * Segmenter #4 *
* Segmenter #5 *
* Segmenter #6 *
Feature Feature Feature
Arrays Arrays Arrays
Segmenter Segmenter Segmenter
w] a2 26

FIGURE 6 -~ Svstem of operatinns leading to the determination of

tarnget and nontarget feature histoarams

the
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3) The resulting feature arrays (each segmenter gives rise to 43
feature arrays), duly updated, are stored in APL files (the
number of lines of whatever feature array is equal to the
number of objects in the corresvonding segmented image and
the line numbers are the labels associated to those objects

as a result of the last update).

4) A target identification array is assiyned to each APL file.
This 43-line array contains the labels of the objects
corresponding to targets. It is defined according to target

location data collected beforehand.

5) An APL program automatically determines and plots the various

target and nontarget feature histograms.
Being stored in APL files, the feature arrays can be analyzed
interactively, and thus the above systems of operations offers a great

flexibility.

6.1 Object Feature Histograms

All the histograms presented in this report have the same number
of bins, namely, 20. The target and nontarget histograms of a
particular feature are plotted side by side and both the horizontal and
the wvertical scales are the same for ease of comparison. The range
(horizontal scale) of a histogram is generally that of the feature
itself with the exception of the area (limited to 400) and the verimeter

(limited to 200). The number of elements in a bin (vertical axis) is
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expressed as a percentage of the total number of targets or nontargets
as the case may be. In all instances where the numerical value of a
feature (e.g. thinness ratio), as defined in Sec. 4, is always less than
1, this wvalue is multiplied by 100 in order to get rid of fractional
numbers.

6.1.1 SIT Generator

The SIT Generator manages to extract (segment from the
background) 73 targets out of 85. Most missed targets are APC's. The
number of nontargets generated by this segmenter, on the other hand, is
rather high, that is 1011. It was included in the present study mostly
for historical reasons (Refs. 2 and 3) but also as a standard by which
the results of more sophisticated segmenters are evaluated. The
histograms arising from this segmenter made up Fig. 7. There are 13
histogram pairs corresponding to as many features. Certain features
listed in Sec. 4 were excluded whether because they turn out to be
useless (e.g. skewness) or because they are not distinctive
characteristics in themselves (e.qg. centroid). These results (as well
as those of the next 2 sections) will be commented further in a

subsequent section.

6.1.2 SIT Generator with BET (Mean)

This segmenter is better suited for the task at hand since it
extracts 83 targets out of 85 while producing only half as many
nontargets (584) as the precedent segmenter. The 13 histoqram pairs

i
|
ij
—
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that sum up the results obtained with this seqmenter are given in Figq.

-

8, which is the counterpart of Fig. 7.

6.2 Scatter Plots
Figures 9 and 10 show scatter plots of the followinqg features:
a) Relative intensity
b) Relative contrast
c¢) Relative blob variance

that happen to be the most useful as far as discrimination between
targets and nontargets is concerned. These scatter ovlots might be
somewhat misleading, however, for a plotted point often corresponds to
more than one datum. In other words, 2 pairs of features from 2
segmented objects may well match each other and, consequently, the
relevant objects may be represented by a single wpoint in the scatter
plots (for example, there are 101l nontargets associated with segmenter
No. 1 but only 232 plotted points in Fiq. 10a). So one should not
attempt to draw conclusions based on the density of the points nlotted
in these figures. It is also worth mentioning that it is not the
variance (02) which is actually plotted in Figs. 9 and 10 but o, the
positive square root (standard deviation) of the variance. This is

equally true of Figs. 7 and 8.

S e
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FIGURE 7 - The 13 histoqgram pairs derived
from segmenter No. 1.
, The associated features are:
a) Area
3 b) Perimeter
c¢) Thinness Ratio 1
d) Relative Intensity
e) Relative Contrast r
f) Overall Width

g) Overall Height

‘ h) Width/Height Ratio
] i) Bulkiness ’
: j) Minor Diameter

k) Major Diameter

1) Aspect Ratio

m) Blob Relative Variance
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FIGURE 8 - The 13 histogram pair derived
from segmenter No. 6.
The associated features are the same
as in Fig. 7.
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FIGURE 9 - This figure, derived from segmenter
No. 1, shows scatter plots of the
following features:

a) Relative Intensity versus Relative
Contrast

b) Relative Intensity versus Relative
Blob Variance

c) Relative Contrast versus Relative
Blob Variance
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FIGURE 10 - This figure, derived from segmenter No. 6,

is the equivalent of fFig. 9.
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6.3 Corments

We will often refer, in the remainder of this section, to
specific images of the Alabama Data Base. Readers interested in viewing
these images are directed to Ref. 1 where histogram-equalized pictures
of the 43 images that made up the database are given along with the

relevant ground truth.

We mentionned in Sec. 4 that a given segmenter is first valued
according to its ability to segment just about all the targets liable to
be perceived in the pictured scene. In Table I, the objects generated
by all 6 segmenters, in relation to the Alabama Data Base, are sorted by
object tvpe through the agency of the vprovided Jround truth. As
mentioned before, the SIT Generator produces the largest number of
nontargets. This might be an indication that this segmenter is more
prone to false alarms than the others. However, there are really no
grounds for believing that the number of false alarms is generally
directly proportional to the number of nontargets. The only thing we
know for sure is that the number of false alarms will be equal to 0 if
the number of nontargets is equal to 0. On the other hand, a small
number of nontargets is no guarantee of efficiency as one can see from
the figures for the SCIT Generator. Of the first 3 segmenters, the
ISCIT Generator is the best at extracting targets. Nevertheless, its
extraction rate is not as good as the one of a seamentation aljorithm
incornorating, in one way or another, the Background Elimination

Technigue described in detail in Ref. 1, and outlined in Sec. 2 of this

report. This is then a qood point for this technigue. On the sole
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basis of their extraction rate, 2 seqmenters, seamenters No. 4 and No.
6, surpass =12 rest. The 2 targets missed by both these seqmenters are
APC's: one in image 13 and one in image 4l. Interestingly enough the
first 3 segmenters do extract the APC in image 13. However, the APC in
image 41 eludes all 6 extraction schemes. Finally, Table I shows that

the tank is probably the easiest target to extract.

TABLE I

NUMBER OF SEGMBNTED 0BJETS PER CLASS

2TTF232E32S2ITIZCSIIIITTIEEISSSECSICIISCISIIITIASIISISSSISAITISITZNIETITITTIEREX
} SEGNENTATION ALGORITHNM ; TANK : APC l JBEP ; TARGETS | NONTARGETS :
11. SIT GENEBRATOR 1 %0 1 19 | 18 |} 73 ! 1011 !
}2. SCIT GENERATOR } 32 ; 19 } 10 } 60 : 318 {
la. ISCIT GENERATOR ; a9 : 24 : 14 } 77 : 404 ,
‘u. SIT GENERATOR WITH BET(HPS) { 40 : 27 : 16 { 83 : 581 :
gs. SIT GENERATOR WITH BET(MAX) : 39 } 25 : 16 : 80 : 838 :
=s. SIT GENBRATOR WITH BET(MEAN) } 40 ; 27 ; 16 ; 83 ; s8u }
: GROURD TRUTH DATA : 40 } 29 : 16 : 8s : :

LT 23 ] M A PO Y
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Table I does not give a complete wpicture of the seamentation
results. It leaves out the problem of repeated detections, that is, of
targets split up into several blobs and hence likely to be construed as
forming a group of distinct targets. This problem is not too imoortant
as far as segmenter No. 6 is concerned for the only multiblob tarjets
(in Table I a multiblob target 1is classified as 1 target of the
appropriate type) are the tank in image 7 and the bus in image 33, 2
relatively large-size targets. Segmenter No. 4, however, is much more
affected with nearly 10 multiblob targets. As this serious flaw might
greatly reduce the usefulness of this segmenter, seamenter No. 6 emerdges
here as the best. No multiblob target arises from the 3IT Generator

whereas segmenters 2, 3 and 5 produce only one such target.

Another useful criterion to assess the vpracticality of a
segmenter is the fidelity of the segmentation process with regard to the
geometrical properties of the targets. From this point of view,
segmenter No. 1 and No. 6 may be rated as the best. Segmenter No. 4
exhibits a marked tendency to narrow the targets (Fig. 3d) but this is
to be expected since it is based on the HFS images. The other 3
segmenters (2, 3 and 5) generally exaggerate the size of the targets
even to the point of, sometimes, merging 2 neighboring targets 1into a
single blob (in Table I such a blob was classified as a nontarget).
Also, in a few instances, although the target was not connected to
another target blob its shape was so distorted as to be unrecognizable.
This is the case, for example, in relation to segmenter No. 5, of the
tank in image 17 and of the APC's in images 9 and 17. These distorted

targets were classified as nontargets, in Table I. The last 3

segmenters in this table would otherwise have the same extraction rate.

!
{
g
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It should be obvious from the ovrecedint narajravhs that the
segmenters 1 and 6 are the most interesting nrez. This exnlains why,
not to mention more prosaic reasons, the orlv feature histograms
appearing in this renort pertain to thezz 2 seamenters. Howerer, the

-

jeneral conclusions drawn from Figs. to 10 ampiv ~oually well to 2. n

segmenters.
-

By examining Figs., and 8, we readily conclaiz that only 0 oo

of the 13 plotted features are reallv weculiar toy 2 -arget blorn, 7T

are:
a) Relative Intensity
b) Relative Contrast
C} Relative Bloh Variarnoo
Photurns ouab oulte naturatly that thess oro r2iat000 deaturoes, Incs
tris  is  the onley wav to eliminase oo SO0 UTr T abs -

experimental conditions &nd also ov the fact that we are dealing witn a
discontinuous seguence of pictures. Although the other features are no
good at discriminating targets from nontargets, thevy might well be verv
useful to classifv the targets themsalves, Howsver, this is somethin:
»2 wWill not attommi to o dn the oreoseat reront, 1L 5, not surprviogc
that intensity and contrast featurez are distinguishina tavac:
characteristics since we are dealing with IR imagery. Nevertheless, it

is amazing to observe that so is doing the variance. Given the size of

the targets, we would rather intuitively expect the wvariance to be

W B A T (L VTP REY WY

L G TSI YL
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insignificant, but the experimental results show that this is not the
case. Another important aspect should be emphasized here. In Fiq. 7,
the numerical values assigned to the various features were derived from
the original raw images, whereas in Fig. 8 these numerical values
originate from the Mean Fine Structure images, that is, images that bear
little resemblance to the original ones. So one may wonder, in the case
of segmenter No. 6, what the feature values would have been had their
evaluation been based on the original images. It makes no difference
for shape features (e.g. area, merimeter, overall width, etc.) but this
should normaltly affect moment features such as the intensity, ccntrast,
minor diamever etc., that depend on the gray level of the ovixels
invoived. Fiqg. 11 is meant to elucidate the question. 7s we can sece,
the moment features in Figs. 8 and 11 exhibit the same trends exceot for
the relative intensity that 1is obviously not a distinctive target
feature when evaluated from the original images. There is then no ooint
in going back to the original images insofar as segmenter No. 6 is
concerned. This, in fact, confirms that BET saves all the useful

information about the targets.

Once features peculiarly belonging to the targets have been
identified, one can assess the deqree of distinctiveness imparted to the
targets as opposed to the nontargets. That guantity is oroportional to
the extent of overlap of the relevant vair of histoqrams (Figs. ~ and
8), and then can be determined accordingly. However, it serves our
purpose better to give here some examples of the classification results

one can expect from the aforementioned subset of 3 features. To this

end, the confusion matrix:
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target miss
false alarm nontarget

has been determined for various combinations of the 3 features. The
dacision rule for each feature (the t's in Fig. 12) is simply a fixed
threshold whose level corresponds to the 5th percentile of the feature's
target histogram. Hence, all the objects associated with a feature
whose value 1is greater than the specified threshold are discarded as
nontargets (Fig. 12). The classification results that ensue for each
feature alone, for a combination of 2 out of the 3 features, and for all
3 features together are shown 1in Table II. In this table, these
features are identified as follows (Sec. 4): 6: Relative Intensity; 7:
Relative Contrast; and 17: Relative Blob Variance. It is important to
note that the order of the features in a combination is not immaterial
for, given the structure of the decision tree (Fig. 12), the results are
not necessarily the same if the features undergo a permutation. Also,
for the same reason, the probability of detection (number of targets
claszified as such) of any combination of features cannot exceed that of
its least effective menmber. However, by combining features one can
jreatly reduce the number of false alarms. To convince oneself that
this 1is indeed the case it suffices to compare the confusion matrix for
feature - (l'able II) to that for features ~ and 17. Clearly, a
trade-off has to be made between the detection rate one would like to
obtain and the false alarm rate that can be tolerated. In ahy way,
Table II shows that it should be vossible to obtain with segmenter No. 6
a detection rate in excess of 90% with a false alarm rate not greater

than 3%.
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; A classification experiment using the Fisher linear discriminant
S (Ref. 5) was attempted on the scatter plots (Figs. 9 and 10) but the

results merely point out that one 1is entitled to use the features

independently. The Fisher linear discriminant attempts to find the
optimum linear orojection of the feature vectors onto a 1line, and the

3 optimum partitici1 of this line, such that the ratio of between-class

scatter to within-class scatter is maximized (Ref. 6).
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FIGURE 11 - The 6 histogram pairs derived from

segmenter No. 6. The

associated features listed belaow
were evaluated from the original
raw images instead of the Mean
Fine Structure images:

a) Relative Intensity

b) Relative Contrast

c) Minor Diameter

d) Major Diameter

e) Aspect Ratio

f) Blob Relative Variance
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7.0 CONCLUSION

The purpose of the present report was to evaluate the oer formance
of 6 different segmentation algorithms or seqmenters based on the single
assumption that the targets present a larger thermal image than the
background. The first 3 segmenters considered deal with an image in its
entirety, whereas the 1last 3 incorporate a technique, the Background
Elimination Technique or BET, which aims at eliminating wholly or partly
the background. The segmenters are judged according to:

a) their extraction rate;

b) the fidelity of the segmentation with respect to the

geometrical properties of the extracted targets;

c) the degree of distinctiveness imparted to the
extracted targets as opposed to the nontargets.

The 3 segmenters relying on BET have a better extraction rate than the
other 3 that try to cope with the background simply by partitioning the
image. Most segmenters here distort in one way or another the shape of
the targets. The 2 exceptions are segmenters No. 1 (Single Intensity
Threshold Generator or SIT Generator) and No. 6 (SIT Generator in
conjunction with BET through the Mean Fine Structure image). To
determine the degree of distinctiveness, one must first single out the
feature or set of features that most characterizes the targets. The
experimental results show that the following relative features are the

best for this purpose:

By e, A S LR e R O )
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a) Relative Intensity

b) Relative Contrast

C) Relative Blob Variance

It 1s not surprising to note that intensity and contrast features are
distinguishing tar-jet characteristics since we are dealing with IR
imagery. It 1is amazing, however, to observe that so is doinzy the
variance feature. The classification results one can expect from these
features together with the segmenter that proves to be the pest
(segmenter No. 6) amount to a detection rate in excess of 90% with 4
false alarm rate not greater than 3%. On the other hand, it should be
vossible to refine further that segmenter to bring the extraction rate
up to 100%, although 97% 1is a percentage already quite acceptable.

However, the next thing to do would rather be to test segmenter No. 6 on

more complex imagery.

A el L

[EVPRETF P




UNCLASSIFIED
74

8.0 REFERENCES

Sévigny, L., "Segmentation Algorithms for Detection of Targets in

IR Imagery", DREV R-4180/80, UNCLASSIFIED, TO BE PUBLISHED

Sévigny, L., "Simulation d'un systeme d'acquisition automatique
d'objectif infrarouge dans un contexte sol-solb, DREV R-4081/77,
juin 1977, NON CLASSIFIE

Sévigny, L., "La reconnaissance de forme et 1l'acquisition
d'objectif en infrarouge: nouvel alaorithme de détection", DREV

R-4099/78, mars 1978, NON CLASSIFIE

Sévigny, L., "Extracteurs séquentiels pour 1'acquisition de

cibles sur images", DREV R-4153/79, aodt 1979, NON CLASSIFIE

Rosenfeld, A. and Kak, A.C., "Diqital Picture Processing",

Academic Press, 1976.

Duda, R.0. and Hart, P.E., "Pattern Classification and Scene

Analysis", Wiley, 1973.

Papoulis, A., "Probability, Random Variables, and Stochastic

Processes", McGraw-Hill, 1965.

Agrawala, A.K. and Kulkarni, A.V., "A Sequential Approach to the
Extraction of Shape Features", Computer Graphics and Image

Processinag, Volume 6, pp. 538-557, 1977,




(ON) % natipyut
SOWIE[E  SAEHNEB, 9P  RNE} UN DIAR L0 upyIxa (ND GGTJd jgp 9P xNEQ UR 1TUI)Q0 J21p0sa ynad uo,| anb
JUSNDIPUT SIANDTIBTIPIILILD STRI) Sud 9P UUTIUL | ud *JNAl(Tdw o] J94gAB,5 [anba] ‘9 -oN JInajuaubas
NP 9PIe, | § SOYST[Byd UOTIBITJILHLELL op badugllglad Sd(  *54[A12-0pNasd sa] 18 s3[q1d 83] 1abejiedpp
3p XMW ¢ JUIIFAWIIC  (NL SIIEL] Bd] JULL JouBlIEA B o 415BAJU00 @] ‘PITEUIUL, anb JuaLuow
AN JUAWTIPUND SIBI[NSPS ST CIdyH| P JIQU{RILjIET LUIEleA aun g JT{(8 Jnajuawbes Juappogad
3[) 9 CON 13 (S0LIUR  PJISUGIUL, P [TN9S § S4934ANuyits 8p Inajelgupb) [ coN sinajuawbas say juos
91b¢d 233130 g SUOT09O%3 XNIP Sa7  "B3JGYTI Sup WU k] S1INE GUN,P NO udey sun,p Jual[e 3lodded
40 SUBP  SPIPPISURD  SaNIJudwbus  Sdp  JIBGN]O B ‘sinaf[Te Jeq -abewt,[ JUE[33J0wW U3 juBWAlduts
uUR[U-919tIdB, 1 JAUTWI[P,P JuUdABSS3 IND tadiNe Sfedy $3] anb  wOT3deaIXa,p 931(1geqolrd aIna[T1aw
duN  JUO  GyH| INS  S@dJuay  BINAuawbIs § 587 "LAYLI-0PNasU xNe jioddel J8d S33TBSIXI SI[QTI xnE
JuwllUW! UOTIESIEBNPTAIPUT p 94bap a1 (3 631de,p *jusws(eut) ‘31a s3a[qrd sap sanbiijpwopb syjyridoad
Sd[ UIIIUGI tND 83 UI ULTEJuawbas ap SNSLIDD3U NP P)TIgply €]  (Q  ‘uOT}IBIIXa,p xNej Inal
(B B9Jue,D  sybnl quos sawyiTioDie B19ATP 597 ' JUElSALU 3] LB 3T74ed U3 NO N0 UD UB[D-3IRTILE, |
13UTWI]9 § JUBSTA ‘(gyH|) UBTU-3IQTIle,| Ip JUAWAESIPAI ap anbluyday & 3u2J0CIOJUT  SI3Tulap ¢
S3 9nb STPUBY *1aTue UOS US *JU0Jy ap obewl,| juaploge sindjuswbas sJatwasd ¢ sa ‘ue[d-algrile,l
9p 3alqu 3003 ap 31140 g 8INaliydns 110s aA[QI3 aun,p anbtwlay) ainjeubls ey anb juernoa adrautid
9] INS SNOY Juasodal ‘SINajudwbas no ‘udtjeluswbas Jp sawyjtdobie €33  ‘y] Sabewr Jans  B3IgQId>  ap
LoTEjuauwbas  B] suep sPST{El.9ds sawyltiohie 9 ap 9IVIEIT 43, [ sUON[EAY BNou JiodUel 33 sueq

Aubtagg -7 Jed
WH1 satrewt dnod sinajuawbas ap assEB[D aun,p UOTIENTRAJ,

0T v00 “9nh ‘23381822007 ‘088 "d°3 ‘AQHI
‘epEUB) ‘NOH ‘JUBWadUO]aAPg 33 ayII3yday - Neaing

(31415513 NON)  0B/ZL1n-¥ AQHD

() "% & Inatigyur
BawJE[E GIEENEJ ap XNBY UN DIAE %04 APYIXI 1ND VLTI 4pp <p *NEJ uN JTUIIQU J9Ipdba N0 wo | 0D
JUanbIPUT SANDTIBTIPIIRIED SITEIY 63D 3P UOTIINC, US 'INI|[taw I3[ 8JAE,6 [aNDA *9  -on Jnajuswbas
NP @ple,[ § SaPET[BHI UOTIBITJISEL]D 3P BIIUSTIPURA E3(] -uI[QLI-0PNIsd sa[ 13 6€a[qlI s3] Jabeisedpp
3P xNATw 3] JUIISWIAC [N BITEIT SI] JUUS BUBTIBA BT 33 JIEEIJUOD A ‘PITSUIUL, [ aND JUaIJude
ANBIUSWIIPOXB SIBI[NEPI S8 ‘(Jyyl 8P BJFIINITIIEA UOIEIaa Jun € PITTE Inajuawbas jJuapydpsc
@) 9 -oN 39 (enbiun P3TSUBIUT,P [1N3S € B3IIINOYITE 3P JNAjelgupb) | 'On sInajuwbas B3] Juok
@1bgs 91332 ¢ sUOT302Ixa xNep §37 °B3[QTI §a3P Fwily @] AINE BuN,p NO UCDE  Aun,p JUBIFITE  Il0d0el
a2 sUBP SPIPPISUY sanajuauwbas sep  jreonya eY  ‘sinayite Jeg CabeWD,Y JUET3II0W U JUMITOWTE
ue1a-a3QT3Je, [ JAUTWI([H,p JUIAEEED Inb BIIINE 51013 SI] aNb UOTIJEIIXI,P  PIT[TGeQOId  aIna]llam
BuUn  JUO  4yyl N6 BRITUSD  BInejuawbes ¢ B2  '53[QIO-0PNISY aNE JI0UCES JED SaTEIIRA SI[QID wne
PUTIOWT uOYIESTIENPTATPUT,p pabap 8] (O 6@ide,p *jJuawdieut) ‘13 s4[QlI 6ap Banbi1i1gwopb 69317110030
$2] 3uJaJund Inb 82 U3 UoTIEJUAWDaS 3P ENEE330J0 NP PIT[HPTY €] (Q  'UBIIJEIINI,P  XNBY  INI|
(e ®3Jde8,p s3bnl  JUOs B3awWyITIODIR EIAIP Ba] *JUB[ATU 3[ ua @13lJe€C U2 PO INOY U uB[d-asyrie, |
JAUTHT[P € JUBSTA ‘(Jdyy)) UBTO-3I3TIIe,| Ip JUIWIBEIP3I 3P aNDILYIAY B[ JUIIOCIOIUT  Elatulap ¢
s3] anb stpuey ‘3aTjue@ uOS U3 ‘Juoay sp abewl,| JuIPIOQE SINIjuIKhaE EIITWIId ¢ 621 -uR[0-aJqllle, |
ap j3fgo 03 sp I|[3D § 3IN3TIPANS 106 IIQTY aun,p anblwiayy 21njeubls €] anb Jue[noa 2d13utld
3] Jans B8N0} JuasSOUa) ‘sinajuawbas no ‘uoljejuswbas ap sawyjtacbie sa) *y] sabewt ins sajqra ap
uoTieudwbas B[ suep sRETTL1090s B3WYITIODIB 9 3p PITILIL j4a,[ SUONTBAZ SNOU JJod0RS 33 Sue(

Aubtagg v Jeg
WY1 Sabewl 1nod sinajuawbas ap assefo aun,p uotilenjeal,

ONT v0YH "#0h °3133732In07 ‘088 "d°J *AQHD
repeuB) ‘NOW ‘IUWICA0TIAPY 13 AuDIIYDAY - nealng

(31J1SS¥1D NON)  0B/2L1%-4 AGH)

(IN) % € Jnatipjyuy
SawiBle SASENB; ap xNBJ LN JIAE %06 apIIXd TnD UDTIDAIPP IP XNE} UN JTUIIQO 13IPOEa nad uo,| anb
WwanbIpul sanbt}sTlgjoBied s)tel] §33 8p UOTIIUO} ud ‘IN3[[Taw I aIgae, 6 [anbal ‘9 ‘oN JInajuswbas
Np 9ple,[ § SaPST[EPl LOTIBITHIESBID IP SIVUALJyixa 630 *8a[qLI-ophasd s3] 33 s31q1d s3] Jebejiedsp
3p xnatw 9] wIPWIA0  Tnb S3ITBI} 53] JUOS 2JUBTIEA B] 33 3IIBEIJUOJ 3] ‘PITEUAIUT, anb Juaijuow
XNEJUAWTIPAX3 SIBINGRI $37 “(gyyl 9P 3IT[NITJIRD uot8Jaa aun g PI[e Inajuawbas Juappapid
3[) 9 ‘ON 33 (anbTun PITELAIUL,P [TINIS § 62133NOYITS ap IN3IBIPusb) [ ‘oN sinajuawbas sal juos
a7bqd 91130 § SUOTICAIXNG xNap sa] -S3[QII Sap W0 B 3I}NE Jun,p NO UOSE§ aun,p JWIIYI[8  jloddes
30 suep S$PIgPISUD]  sInajuawbas sap jdedn[d el ‘sinafve Jeg ‘3bewt,] jueadiow Ul Juawarduls
uve[d-aJtide, [ Jaulwr[y,p (uadessy Inb 53INe S10J1 €37 anb wDIIBIIXD, P PITTTQEQOIC  BInalfraw
aun  Juo  gy¥] JnE  §3J3uad  sdnajuawbas ¢ s87 °83(qro-0pnasd xne jioddes Jed S21TeSIXa B3[QID xne
AWTICGWT UOTJIBSTTENPIATPUT,p pibap 8T (2 sSgide,p ‘juawajeur; *}a s3[qra sap sanbrijpwosb spipvidord
53] aUJ4aJUOD 1Nb a3 ua ustjejuawbas sp sNsSed03d NP PITPPIJ BT (G ‘UOTIIBAIX3,p  xNeY JInaf
(e s330e,p epbnl Juos sawyiriobie SIATp $37 *JUF]3ATU A US a13J8d Ud NC N0} U3 ue[d-3aTile,|
lautwt{p @ JueSIA ‘(gyy|) uB[O-313TLle,[ ap juawdssadpal ap anNbTuyday €[ jFualodsodu! SIeTuaap ¢
s3[ anb stpuej ‘Iarjua UOS Ua *juod) ap abewr, juaploge sinajuawbas silatwald ¢ say -ued-alTie,|
ap 33fqo 1no} ap 21120 g 21narlydns }T0S B[QIJ aun,p anbrulay) asnjeubts B] anb juernoa adroutid
al 1ns snoy} juascdal ‘sinajuawbas no ‘uvorjejuawbas ap sawyytiobie sa)y -y sabewy Ine  safqlad  ap
uotiejuaubas e suep SPST[eIdpds sawyjricbie ¢ ap PI1aeIT )8, | suon(eAp snou jloddes 3d sue(

Aubtagg *q Jed
wHI sobewt Inod sInajuawbas ap ISSBID aub,p UOTIBNTEAJ,

Ol yoD “3nB ‘@3131324n03 ‘0gg *d*] ‘AGHI
reprue]) ‘NOW ¢ Juawaddoaafq @ 9yIIByday - Nealng

(31JISSYID NON}  08/ZLT9-H AQH]

(IN) ‘e € Inatiput
B3WIB[E SISENEJ P XNEY UN J3AB %40g 3PIIXI TND UDTIAIPP 3P XNEY UN 1TUIIQ0 J3IP0SH INIT UG, | anbd
JUSNDTPUT B3NDTIETIFIVLILD §ITEIJ §3D ap UDTIOUCS US ‘INBTTTaw 3] IIAE .8 Tanbal ‘9 -on Inajusebac
NP 3pTe,[ § SagST{EpI UOTIBITJISEE]I 3P SIJUITIPUXA §3( ~S3[QTI-CPNISO 3] 32 SI[QIJ sa| iabeiledsp
ap xnatu A] JuA}AWI30  Inb B3.8J) SI] JUCS IJUBYTIEA B 33 IISEIJUCI 3] ‘PITEUIIUL [ AND JuII Juow
XNBUAWTIPEX3 SIBITNSPE 637 “(JyH] aPp SIQT[NITIIEd UCTISEI3A aun €& PTT{E Jnajuawbas  uapypoglo
a7) 9 ‘ON 39 (anblun PITEUIIUT,P [TNIS € £23JINOYTTS ap IN2ILIPUPD) T O\ SINAJuaebas SI1 W06
o7bgl 91390 § 5UOTI0aOX3 xNap 837 °*EAJQTY SIP 3wWJ0y €] 3IINE aun,p PO uodey Jun . p JUaizile JJoddel
80 suep 69JppISUDD SINajuswbas sap jJednid el  ‘SIn3l[Te le4 ‘abewl,] JUBT3II0W LR JuIwS[ORTE
UB[Q-93QTIJE,| JIUIGT[H,Pp JUGABES3 TND SJINE  SI0J) S3] 2ND UOTIIE.x3,P  PIITIQEQOIC INB|[taw
aun U0 gyd] NS SPIUAD  SInajuawbas ¢ §3) 'SIATQII-OPNISC XNe 1I0d0EI 1RO 53ITRIINI EA[QII xne
HWTIOWT UOTIBSTIBNPTATPUT P 9abap al (2 side,p ‘jJuawd[eury '3 63[QII $ap sanbrilgwopd sp3yridosy
$8] 2uJBIU03 TND a3 ua vOrJEUAWBas 3p SNEEPJ0IC NP PAIPPTY BF (G UCTIDRIIXG,D Nk}  INIY
(e side,p sgbnl Juos E3wWyITIOBTE BIIATP B3] *JUBTBATU 3 ud aTIIEd U2 NC INO] WA WITd-2IRT43e, |
JPUTWITP § JUBSTA ‘(dyy() UBJO-2J3TJIIB,| 3P JUILASSIIPII 3p INDIWYIAY B  UIIOCIONT  SIFTWAIp
83l anb sTpuBy *JITIU3 LOS ua *Juolj ap abewr,| jJuapioge sinajuawbas 51atwdad ¢ sa1 -ueld-aliviae,y
ap 1jalgo 3n0) ap 2[[ad g 3Inatipdns 1108 3[QId aun,p anbrwiay) ainjeubts el anb Jue[nNOA ad1outad
8] Ins 8noY juesodal '51Najuewbas no ‘uotisjudwbas Ip sIwyitloble s3] ‘Yl sabewr INE EIIQTD W
votjejuawbas B suep spstlerdgds sawyjtlobje 9 ap PITOBOISja, [ SUONTEAD ENOU Jlodde] a3 sueq

Aaubtags *q awg
WH] $3beUT In0d 61najuawbas P IESETI JUN,P LOTIENTEA],

081 ¥0D 9Nk ‘91131931n0) ‘088 'd°I ‘AGK]
TepBUET ‘NN ‘JUBWICOOTIAR] 19 2udIaydsy - Nealng

(3ITJISSYID NON)  0B/ZLTv-¥ AGHD




A

(N) "% UBY} 1338910 J0u 1B wiBle AS[EJ B YIIM %06 SO S830X3 U1 3B UDIFDPIAP @ 03 Junowe
19 con 13juswbas) 3183q ay3 aq 03 s3r0ad Jeyy 193uawbas ayy Y3tk Jay3aboy saunjea; asayy wodj 3oadxa
UBJ Ju0 B}[NEIL UOTIBIT IESEID Jut  *siabuejuou Ay} woiy 813618y wyy BuTjBUTWIINBIP Ul BA13I8j0
180w ) Jle BIINIEA, FouETIBA PUB ISEIJUOD *AJTEUSIUT 3y} JBYJ MOYs 63[NE3L Jejuawrladxa syl *(J3g
JU U01BJ3A  JEINJTIEd @ y3TM uOT}aun(U0D UT 1018J3U3 |[S) 9 “ON pue (103BJaUY |IS JO J038IIU
SMNONTIS PIOYBIIYL AJrsuAU] ATburs) | tON  Jajuduwbas aJe SunT0a0xa oM} ayp  cs53abley  ayj
10 SdeUS  3y) 1ayJ0uUe 1O ABM 3UO UT 1103STP 1By siajuswbas oK  cabewt ayy butuoritiled Aq Ajduts
punolbxoeq ayl it adod 03 A1} JEy3 ¢ JAQI0 ay3 ueyl ajed uOtIOBIYIN® 131389 B dAey |38 uo Dutkiaz
s1ajuawbas { ay) -sjabaejuou 3y3 0y pasoddo sk s3able} PajoeIIxa sy} 0} PIYIBdWT SEIUIATIIUIISTP 40
#31bap Y (9 pue !sjabie} paldeIIXa ay) Jo sarjadold [edrliawodb ayy o0y joadsas Y3t uotjejuswbas
3 4O AJTIaPT; ) (q tajel uoldeIxa Jtay} (e 03 butpiodoe pabpnl aie siajuswbas  ay) 31
butttasdl 4q punoibxoeg ayy Ajided A0 £1rous Burjeutuiia 18 SUTE ydiys ‘(138) aNDIWYII; uotieLIW]]
puNoIbxIey 3y} 238100J00UT ¢ ISBT Iy} S8IIAYM ‘A333T13u@ 531 Ul abewnr ue y3tm Teep siajuswbas ¢ 81Ty
ay] punolbxdeq ayj ueyy ainjeubis fewsay) labde[ e Ae(dsip s3abaey syl 18y} woridunsse aybuts
] uo paseq 3@ sIiajuawbas 10 suy)riobre uoljejuswbas asayt  -4Alabewt ¥ ut e3abiey jo uoryejusubas
0} pamIIpap swyjtyobge 9 jo Jouswicylad Y3 4O uOIIEN[EBAS ue Sjuasald  3J0dal s1y|

Aubragg "1 Ag
wAlJabew] y] 3oy sasjuawbag jo §8B() B 4O uOTIENTEA],

0¥l ¥0D “nh ‘93391202003 ‘0BB X0 "0'd ‘AJu0
"epeuR] ‘ONG ‘yduelg JUAWAO[3A3Q PUB yIJBASIY

(Q31 A[SSVIONA)  DB/ZL1%-Y A3N0

(N) "%¢ veyy 123e31b JOuU 381 WIR]E I6TE) 8 Yitm S06 JO 5EIIX3 Ul 3364 UOTIZIISP & 0] Junowe
(9 -ON Jajuawbag) 18aq ayj 3q 03 BIA0ID IBYY WD Ay YITm 1ay1ab0] 63aNJeay IBIY WOI) Jdadxa
UBD BUD BIINBIA UDIIBI1JIEEETD Ay} “s3IBbIEIUOU ayy woly s3abiey @yl DUTIELTWIIIETP UT  aA1334j8
I80W By] 86 6aINIBIS IDUBTIEA PUB ISBIJUCD “AJTEULIIUT Y] 184J AOYs S1[NBII [BIUIWT IO ayp -(13g
J0 UO1BJaA Je(nD1jed & yITM UOTIJUN(UOD LY J038JAUAN [1S) 9 *ON PUB (JOJEISU) |1S 10 Jajedaua)
aj3anoy1s proysadyj Ajisueju] arbuig) [ ton Jajuewbas @ie suonijdedxa omy  ay) "s3’biey ayy
40 adeys ayj} JayIoue 10 ABM JUO UT JI0IETP alay 6l9juawbas Isaw  cebewr ayy butuorltTiied Aq Ajduts
punoabxnleq ay3 yITM 00D 0F AJ] IBUY ¢ IO I URYY @JBJ UOTIIEIIXG JB139G B aaey 138 Lo Burdraa
slajuaebas ¢ ay] -sjabiejuou ) 0} PIsDddo s r.3abie] palleIIxg ayl O] pajJedil SEIUIATIIGIIETIP Jo
aaibap ay3y (2 pue !siabiej pajoelIxd 3yl o s91320d0ad [8I113aw0sb ay} 03 30adsal YT uoijejuambaIs
ay3 jo A31apT) 3 (Q tajel vorIIdeIIXa Jtayy (8 O3 burplodse pabpnl aje siajuawbae  ay (1
burl1aas] Aq punoabxaeq ayj A13aed Jo Ajfoys butjeutwi]e jE SWie yaTys *([38) anbTwyad| uotjeuTet ]
punocibxaeg ayy 21810dI00UT { 38B] ) SBIIAYM *£335TIUa )1 L1 IbBWT ue yIim [eap sJajudwbes ¢ 3sary
ayl -puoibinoeq ayy ueyy aznjeubis TEwIIyy Jebaey e Aeydsip syabae)  ay) Jey) vorBwNsRE  ITburs
ay} ud paseq ale slajuawbas Jo swyitioble vorjejuswbas asayp cAlabewt y] ut 63abley 4O uoljejuasbas
0} pajedpap swylTloble 9 40 Iouewrojiad By} JO uollenieAs uwe SIUAEIId 110033 STy

Aubiags 7 Lq
JA1aucw] ¥l 10y slejuawbac jo sEBT) B JO UCIjEntea),

OBl v0D "anh ‘23321921n0) ‘0RE X08 '0°d ‘A3
‘epeue) ‘ONQ ‘uoUelg JUIWGOTIAI] pue udleIEay

(QITIISSYIND)  0B/Z¢Tv-¥ AW

(D) *%¢ uey} 137e3db J0U 338J WIB[E IS € YA 40 SO S64Jné UT 9161 UDTIISIIP B O] JLNOUE
(9 -on 1a3uawbas) 153Q ayl 98 0] SAACID J6y) Jdjudubus i) YiTM Jayiabo) SIINjRI Bsay) wody J23dx3
uBD U0 §3[NS31 LOTIEDIISSE[2 3yf °S}abiejuou 3y} wolj sjabley ayy burjewTwridstp Ul 3AID9yy8
150w @y} 3JE SIINJEI, FJUBTIBA PUB JSEIJUOD *AJTSUIIUT ayy 1BYL Ous S11Nsad [RIudWI Jadxa 3y} " (138
JO uDoIsSlaA Je[NOT}ied e yjitw wotjounfuod ut Jojedausy |1S) 9 CuN pue (l0jel8udn | |G JO Jojelauay
23janoyl15 PIOYSaldy| Ajrsuaju] 2fbutg) [ toN  lajusuwbes  ale  SuuT dadxa  om) ayg *syabaey a3
JO adeys  ay)l 13yjoue Jo ABM JUD Ul JJOIBTP AJay slIjudnbas jsow  cebews oy) bButuotjilied Aq Alduts
punoibdeq ayy Itk dod 03 A1} 1RYY § JaGI0 Al UBYY &1EJ uO1)dedixe 1a}jay € SARy |38 uo  butd(au
s1ajuawbas { 3y} sjablejuou 3y3 vl Pasuado Sk S3AbIE) PajIRIING Ay 0) PIjJedul SEAUSATIILIGSTP 4O
salbap ayy (0 pue !sjabie} paideIixy Xy 40 $313110Id [RUTIOWOAL 4y} 03 130dsal yiTm uotiejuawbas
3y} 4o AJT[APTH By} (g a6 UOTIRIIND Jteyl (B Oy 1 pioude  pebpnl a1 sisjuanbas  ay) -3t
but1rasal Aq punoibxoeq ay3 AT33ed ¢ Afjuwms Dutjeutwt e swre yotus *y |34 anbluyda] uoTjeuTwt (3
punoibxoeg ayj aIBIOAIODUT § BB 94y} SBalouMm ‘AJ0Itiud ST W1 IbBwI ue yiTe [ap tlajuldwbaes ¢ 3I8ITy
ay] punoibnleq ay) uey) adnjrubls Tewsayl Jeubiel e Aetdstp siabie}  ayy  jeyl voijdunsse  atbure
2yl uo paseq e slajuswbas 1o 3uait 1okt iwwbias asayp CAlatewl ¥ uv sjabley jo uoiiejuswbas
0} pajedtpap swyIltiobie 9 4O olmedGyied G4l 4O UOIENTEAG  Ue  Sjuesald 110081 STy

Aublagg “7 Aq
pA3abRel NI 30y SJajuswbag Jo SSET} B O UOTIENTEAT,

UHT ¥DD "anh *aliataadno) ‘08B xo8 '0°d "AIMO
Tepeuk) YONG ‘uauely Jusudo[aadd pue yI1e3S8Y

{Q3TAIGSYIINDY 08724184 AIMC

(N) °%¢ weyy rajeaib jou ajes wiele 3618y B Y1lm 506 4O S630X8 U 33BJ UCIIDANIP B 0F Junowe
(9 "ON i3jusubas) 383y ay) #q 03 S2A03d Jey) Jajuawbas ayy YIte Jay1ab0Y sanlea; s WOI; 03dxd
uBD 3UD S}[NE3J UOTJEDITSSELD Ju ‘Slablejuou ayy wol; siabirey ayy bunjeutuniosip U 3129443
50w 3y} ale 62IN}EA IJUBTIRA PUE ISBIJUOD ‘AJTSUSIUT Byl IBY] MOys S)[NE3L [EBJUaWN IADXd 3y - (139
40 UOTSJaA 1B[ND1}JRd B y)TM wOTIDUNfLUOJ LI 10JEI3UdY jIS5) 9 *ON PUe (103832u3) |IS JO Jojelauag
8138N0YT1§ PLOYSaly| Altsuajul 3tbutgy [ on  lajudwbas 31k suotydadxa omy a3yl siydbaey ayy
30 8deys ayj JaYIOUB 10 AeM 3UD Ul FIOISTP Ay sidjuauwbas Isow cabeun ayy buruoryijled Ag Ajduis
punoibxnoeq ayy yitw adod 03 413 1BUT ¢ JYI0 YT uBy) I LOTIRIIXD J131J3Q € 3Apy |3 w0 bButkras
s1ajuewbas ¢ ay; -s3abiejuou ayy 03 pasoddo se siable] pardeiIxa ayy 03 pajiedwt ES3UAATIOUISTIP 4o
sa1bop ay3y (9 pue !sjabiey paIeIIXI Ay 4o sI13120030 1ea jawoab ayl 031 3123dsal yjim uotrjejuswbas
ayy 40 A317apt; ay3 (Q tajel uO1}JRIIXA Jtayy (e 03 burpiodode pabpnl ale sidjuawbas ay -3t
but[1aAa]  AqQ punolbioeq ay3 A1jied o Aptous buljeuTwI[a }EB SWIE YIIym ([ 3§) abluwydd] vojeuTan |]
punoibxoey 3y} 2,8104100ul ¢ 3IBE| BY] SEIIAIUM ‘A33J1Iua S31 U abewt ue yjtm feap siajuswbas ¢ 3sa1y
ay| - punoabyoeq ay3 uey) aunjeubrs jewlayy Jabiey e Aerdsip s3sbley 3y} jeyy uorydunsse arbuts
a4} uo peseq aae slajuawbes a0 suyitiobie ubijejuawbas asay]  “Alabew y1 L1 s31abiel yo UDIIRJUBEbas
0} pajedipap suyitioble ¢ Jo 3duewloyiad oayj 40 uOTIENTEAS UB  SJUBSIId  JI0d3I Sy

Aubtagg -7 4q
JA3abeu] §1 20 siajuswbag yo ssej) € O ucIjenTeA],

Oyl w0D “ang €33138180an0) ‘OBB %08 ‘0°d ‘AIHO
repeue] ‘gNa ‘uduelg JUAWAO[3AA(] PuUE ylIeIsIY

(Q3TAISSYIINT) 08/ 2418 AN

1
i
>
i




