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I. Problem Studied

The problem studied over this contract period was the use of digital process-

In g In l ocating and identifying objects in sequential imagery for tracking pur-

poses. Four major results have been derived, each of which have been submitted

for publication . These are:

(1) Classifica tion and calculation of orientation of three—dimensional

objects In a tracking environment using Fourier descri ptors;

(2) Shape analysis of three—d imensional objects usi ng local shape descriptors;

(3) Sequential image analysis using a parallel binary array processor; and

(4) The use of edge Information in segmentation and tracking.

Each of these topics will be discussed more fully in Section IV .

Addit ional funds to develop solut ions to the tracking prob lems were supp lied

by the Defense Advanced Research Projects Agency.

II. Publications

Present and pend ing pub lica t ions derived wholl y or in part f rom research

sponsored by this grant are:

[1] O.R. Mitchel l , A.P. Reeves, S.G. Can ton, R.M. Ward , and J.M. Nelson ,

“Segmentation and Classification of Targets in Fu R and Video Imagery ,”

Proceedings of the Elghth Annual Symposi um on Emerging Patterns in

Automatic Imagery Pattern Recognition, Gaithersberg , Mary land, pp. 43—54,

April 3—4 , 1978.

• - :  [2] T.P. Wall ace and O,R. Mitchel l , “Real—Time Analys is of Three—Dimensional

Movement Us ing Fourier Descr iptors ,” IEEE Computer Society Workshop on

Computer Analysis of Time-Varying Imagery, P h i l a del phia , Pennsy lvania ,

April 5—6, 1979. This has also been submitted to IEEE Transactions on

Pattern Ana l ysis and Machine intellIgence.

I ~~~~~~ -
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(3] T.P. Wallace, O.R. Mi tchell , and K. Fukunaga, “Three—Dimens ional Shape

Analysis Using Local Shape Descriptors,” IEEE Computer Society Conference on

Pattern Recognition and Image Processing, chicago, IllInois, August 6—8, 1979.

Also submitted to IEEE Transactions on Pattern Analysis and Machine Intelli -

gence.

[4] A.P. Reeves and A. Rostampour, “Sequential image Analysis with a Parallel

Binary Array Processor ,”- IEEE Computer Society Workshop on Computer Analys i s

of Time—Varying Imagery, Ph i ladel phia, Penns lyvania , Apri l 5—6 , 1979. This

has also been submitted to IEEE Transactions on Pattern Analysis and Mach i ne

In telligence.

III . Participating Scientific Personnel

Facul ty - Owen R. Mitchell

Ken Fukunaga

Anthony P. Reeves

Graduate - John M. Nelson
Students

Timothy P. Wallace

No advanced degrees were completed by the graduate students while working -;

on this project.

IV. Presentation of Research Results

A. Class ification and Calculation of Orientation of Three-Dimensiona l

Objects in a Tracking Environment Using Fourier Descriptors.

This research has been documented as reference (1] in Section Ii and

will be available in reprint form. Some of the major contlusions will be pre—

sented here. Fourier descriptors of the outside contour of a closed planar

fi gure are produced by Fourier transformin g the one dimensional comp lex funct ion

found by tracing the figure In the compl ex plane. The operations of rotation ,

scalin g, and moving the starting point are easily implemented in the frequency

_  

_ _ IIL. — 
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doma in by simple arithm~tic on the frequency domain coefficients, p roducing

nomalized Fourier descriptors (NFD) .

A three—dimensional object is represented by a libra ry of projec t ions, whose

NFD’s are compared to the NED of an unknown projection. Since these NFD’s have a

linear p roperty, an interpolation procedure performed in the frequency domain

enables more accura te determina tion of the angle at wh i ch the unknown objec t i s

viewed than can be ach ieved by methods which simply find the nearest libra ry

projection. Discussed in the paper are methods for (I) computation of NFD’s

us i ng the d iscre te Fourier Transfo rm, (2) normalization procedures to eliminate

symetry and noi se problems , (3) classification methods for comparing the unknown

with the ilbrary , (4) estimation of the orientation In terms of l i brary projec ti ons ,

(5) spatial domain filtering to remove chain code error, and (6) the use of a

eigenvector data transformation to limit the library entry for each view of an

object to 6 coeffIcients.

(1) The Trackin g Al gorithm.

We can use the preceding results in an efficient algorithm for identification

and tracking of three—dimensional objects. We are not just identif ying the object

once, and then following its progress, bu t actu a l l y identif y ing the object with

each frame, as well as estimating its present orientation with respect to the

camera. If the object is lost by the came ra, so that the object being tracked is

a fa lse alarm, or another object, the algorithm is capable of quick ly real i z in g the

prob lem, and re— identifying the object and its orientation. Similarly, if the ini-

tia l identification of the object is Incorrect, and the wrong object is being track—

ed, the program will realize Its mistake and re-identify the target.

This continuous shape analysis is clearly help ful in the tracking problem

itself , reducing the likelihood of tracking false alarms or the wrong target for

long periods of time . In addition , the record of target orientation vs. time

• - - - ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~ - - 

- 
~~~~~~~~~~ -~~--• ~~~~~ ~~~~~~~~~~~~~~~~~~~~~~ - 

- .



4 

-

~~~~ 

-

whic h is created could be useful in analyzing aerodynamical behavior , for example.

This information is unavailable with conventiona l tracking methods.

(2) Target Acquisition

This part of the al gorit hm is executed on the first frame of the i nput

sequence, and whenever the program decides it has lost lock on the target. We

assume that a librar y has been constructed for each of the objects expected to

be tracked. Firs t, the outline of the target is extracted by whatever means is

appropriate. The NED of the contour is then computed, the lin ear transformati on

• is performed, and the distances between the unknown (transformed) NFD and all the

l ibra ry (transformed) NED’s are computed. The n (typically 10) nearest library

NED’s are taken to be possible classif ications, and the diamond—shaped region

around each is explored with the estimation algorithm.

At thIs point , the ta rget is identified as that belonging to the nearest libra ry

projection or Interpolated projection , and the starting orientation is identified as

the corresponding orienta t ion. If the resulting distance is less than a threshold

depending on the object , cont rol passes to the tracking algorithm. If the distance

is too great, the next frame is again processed by this target acquisition procedure.

Optionally, if the distance was too great , the target could be declared a false

alarm , and some intermediate range of distances could be cause for re—acquisition.

(3) Target Tracking

Once the target has been identified , the initial orientation estimated , and a

su itably small distance obtained we enter the fast tracking algorithm wh i ch follows

the rotation of the object. A list of closest projections is prepared as in the

target acquisition algorithm , but instead of It consisting of the n nearest pro—

jections taken from the libraries, it merely cons ists of either three or five

projections. If the estimation algorithm was successful on the preceding frame,

the li st consists of the three projections defining the sector used in the last

~~~~~ - - ~~~~~~~ ~ ~~~~~~~~~~~~~~~~~ ~~~ -~.-- —~ -~ -~~~ 
- 

- _
_
~~~~~c;_ 

~~~~~~~ -~~~~~



______________ -• - ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
~~~~~~~~~~ 
- 

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~ 

- 
-

-. 5

estima t ion. if the estimation algorithm was unsuccessfu l on the preceding frame,

the list consists of the preceding nearest projection, and i ts four nearest

neighbors. There is hence a wider area of search for the next frame when estima

t ion fails.

r The estimation algorithm is performed on the list of three or five projections

as in the tar get acqu i s i t ion , and the best dis tance or in terpolated di stance Is

found. Once th is distance i s found, we continue this procedure as long as each

distance is below a certain threshold (tracking) . We execute the target acquisl—

tIon procedure whenever the distance goes above the threshold.

The speed imp rovement in the tracking procedure over the target acquisition

procedure is two—fold. A major portion of the t ime required to execute the track-

i ng procedure Is spent computing the distances to the library vectors. The track-

ing procedure eliminates that altogether. Secondly, whil e the acquisi ti on pro-

cedure looks for an interpolated dis tance in the region around n projecti ons, the

track ing procedure looks at only three or five proj ections. The time to compute

the transformed NED is of course unchanged.

(4) Experimental Results

The algorithm above was tested experimentally on 18 sequential sets of air—

craft data. First , a set of aircraft was synthesized using a simple graphics

program written by one of the authors. Three-dimensional approximations were

constructed for six different aircraft , a Mirage , a Mig, a Phan tom, an F104, an

F105, and a B57. Fig. I shows a representative library image from each aircraft.

These three-dimensional Images we re then rotated through appropriate angles

to create a library of projections. Figs. 2-7 show one quadrant of each projection

library. The libraries consist of two quadrants each, but the missing quadrants

are merely mirro r images of the ones shown. The resolut i on of the actual library

contours is that of Fig. I; FIgs. 2—7 are shown at one eighth the actual

~~~~~~ 1 - . 
_______________
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resolution in order to fit 77 projections in one 512 by 512 image. The NED

library was constructed using the procedure of part III.

Three different sequences were tracked for each of the six aircraft (Figs. 8—

13). The images shown are of resolution 512 by 512, and the resoluti on of the fi rst

frame in each sequence is about 64 by 64, increasing to about 200 by 200. We

consider this a quite demanding test of any shape analysis algorithm , si nce many

subtle as well as overt problems can appear when unknown shape resol ution differs

from li brary shape resolution by this factor.

We woul d also mention in particular , the fact that the nearest library i mage

to each frame i s orien ted randomly wi th respect to the unknown i mage, rather than

at approximately the same angle. This has been shown to increase the difficulty

of this type of classification and estimation. In an experiment in which random

projections were classified , for examp le , 94.7% cl assification accuracy was ob-

tained in a six class problem when the unknown data was oriented similarly to the

li brary data. When an add1t~onal random rotation was added to the unknown data,

classifica tion accuracy dropped to 88%.

Tables 1 and 2 show the performance of the algorithm. Table I gives the nuther

of frames identi fied correctl y, and tracked correctly, out of 50. We say that the

al gorithm is tracking correctly if the angle error is less than .5 radian in both

x and y. Since some of the non—un i formly spaced lines in the projection grid

are separated by more than this angle (.67) we consider this a reasonable measure.

Table I also gives the number of re—acquisitions required when the program dec i ded

that it had lost target lock. These of course slow down the algorithm significantly.

It would perhaps be more realistIc as well as more effective to skip a few frames

of in put when two or more of these occur in a row. This is probably due to bad

data, normaliza tion problems, or inadequate projection spacing.

~ :i
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Table 2 gives the average angle errors among the correctly tracked frames.

For comparison purposes, the libra ry covers a region of 11 by it radians with a

grid of 13 by Il projections. This means that the average sector widths are .262

and .314, for x and y respectively.

(5) Ana l ysis of Performance and Computation Times

The programs used in the experiments of part V are written in Fortran, and

are research tools rather than efficien t implementations of the algorithms. They

we re run on a PDP—l l/70 mInicomputer , and the average time to track a sequence of

50 frames was 70.2 seconds. The bulk of this was spent in computing the NED’ s ,

about 57.8 seconds. Th is computation included a convolution used in filtering

the data, as well as the FF1. The computation can be reduced to 25 seconds for the

50 frames by using an array processor connected to the PDP—ll/70 . Thus we feel the

potential for real time implementation using efficient programing is very high.

Tracking Al gorithm Performance

Sequence 1 Sequence 2 Sequence 3

Mirage 4,0.3 0,8.0 0,0.1

H
Mig 0,0,0 0,15,0 0,1,0

I: 
Phantom 8,0,6 0,0.0 0,0,0

F104 43,0,4 0,0,0 0,0.1

~1O5 1.1,7 0.12,0 0,8,1

B57 0,2,1 O~8,0 0,9,3

Table 1. A B ,C indIcates that A frames In the sequence were I dentified
incorrectly, B frames were tracked Incorrectly, (with error greater than
.5 rad ians in x and/or y), and c target re—acquIsitions were required.
The total number of f rames in each sequence was 50. 

- ~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ -~~ -~~.- - -~ - -  ~i _ _ - - - ~~



• Mirage .0535 .0824 .0398 .0448 .0686 .0384

Mig .0847 .0719 .0456 .0462 .1086 .0518

Phantom .0670 .0836 .0861 .0630 .0601 .0485

F104 .0563 .0815 .0903 .0440 .0757 .0479

F105 .1129 .0688 .0633 .0483 .0775 .0482

B57 .0890 .1301 .0582 .0493 .0934 .1015

Table 2. The average x and y angle errors among the frames correctly

identified and correctly tracked are shown, in radians.

h1...1. I ~~~~~~~~~~~~~~~~~~~ 
._ 

~~~Y . _?  —: — - —  — — _ :. .-
~~

——— —.. —.
~~

-- 

~~~a.— . • ~~- .-



- _ _ _ _ _ _ _

9

I’

r1~ . 1. IEaoe5 r.pr 5entino ~ach of thi cix 3D

airoa~t. Th r colution is t hat of the libra u (2%x2%) .

.- 
~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~

-
~~~

- 
~~~~~~~~~~ 

-.
~

-- --
~~~~ —-- ~~~~~

• -

~ - - - 
~~~~~~ 

-- --



4,

- 
• 10

- 

H

L 1 L ~~~~~~~~ f~~~~~ r r r ri

L 
- • - 

- - - -



-~ -- •—~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ - - - -
. 

~~~~~~~ ~~~~~~~

I • ‘  

I

Il

- 

-
~

\\~~~~~~~~~~~~~~~~fff ~

~~U U+ I ~~~ H V V J
H ~~~~~~~UU1

uu~

11
. 1 ~~~~~~~~~~~~~

fl



.
~~~~

— ,.-- 
~~~~~~~~~~~ -‘ r -~r.~~~ v~~

1
~

1 -
—.

~

— - - -- ___

- I
• 12

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ I

1 ;

~~~f U t f , j

a

1L~~~
f
~r r r r iILL ~~r r r p

L L L L ~ f~~r r r N



- ‘
~~~~~~~~~~~~~~~~ THT J~~~~~~~

-
~~~ • 

- -
~~~~~~~

-
~~~~~~~ 

—-
~~~~ 

--

• 

~~~~~~ Z
7

~~~tz



- ~1 a r -- — ~~~~~~~~~~~~~~~~~~~~~~~~~~ —I- 
~~~ - 

— -•-- 
-~~ z -~~-~-~--- 

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~ 1~I_i~ ~~~~~~~~ - - ________

I
. . v

- 14

I
I 

I 

- ~~~~~~~~~~~~~~ —-- - • - ~•--.--- .- —- —



! ~ItPUJ[ T-~~~ :~~~~~~~~~~~~~~~~~~~~
-
~~~~

-
~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 

- -

- , V 15

/ 1
I

I

- —•~~ —-•~~-— —~~- -~~~~~~~ .• — --- . ~~~~~~~~~~~~~~~~~ -~ ~~~~~~



____________ - .- --
~

• —
-
. , 

16

—
p

iv• ‘~~~r’u in

~~~~~~~~~~~~~~~~~~~~

I~.

I’
0~

*

I..



~~1L~~ 
—

~~ - -~~~~~~~--•~~~ ~~~~=• - --~~~~~~~~~~ •- - - - - - - : - - - -- 
- -- - -- --

I 1 
17 I I

II

4/ !

,

-
~~~~~~

- -~
_ _ _ _ _ _



- ----•-- —-. -~ -- ~-~ --~- - ‘-——. ~~~~~~~ .— —.- •—•--- - - —
18

1~

H -

~~~~~ L •- ~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~ 
——

~~~~~~~~~~~~ - ~~~ 
— 

~~~~~~~~~~~~~~~~~~~~ ~~~ • - 
- - • ~~~~~~~~~~ ~~~~~~~~~~



— - 
~~

- ‘_—-—
~~ __~~__ _~~~~~

-
~~~~_=- _ : _ ~~~~

.--- 
~~~~~~~~~~~~~~~~~~ —

B. Shape Analysis of Three—Dimension Objects Using Local Shape

Descriptors.

• This research has been documented as reference [2] in Section II and wil l be

• available in reprint form. Some of the major conclusions will be presented here.

Whenever part of a shape to be recognized is distorted or missing, globa l

features such as Fourier descriptors are not useful. it is clea r that if we want

automatic machine recognition of shapes to riva l the performance of human observers ,

we mus t provide some method of Identif ying partial shapes. Some form of local

• features must be used to accomplish this.

1. Overall Algorithm Description

• The data input to this system consists of eight—nei ghbor chain codes describ-

ing the perimeter of the shape under ana l ysis. A preprocessing rout i ne is used to

convert the input chain codes to more accurate x—y coordinate representations of

each shape using a segmentation and curve—fitting procedure. This elimina tes most

of the chain code error.

After the preprocessing stage, the actua l feature extract ion algorithm derives

the local feature vectors. The feature vector consists of alternate angles and

distances. The angles represent total angular change about a curvature maximum ,

and the distances represent distances between curvature maxima. A dua l segnienta-

tion is required to compute these features, in wh i ch both the curvature maxima ,

• 

• 
and intermediate curvature minima must be identified . The angle features consist

of the total Integrated angle between curvature min ima , and the distance features

consist of the total distance between curvature maxima .

The angle is clearly the best single feature, both from theoretica l and

experimental conside rations, it is easy to compute, resolution invariant , and

holds a lot of information . If a curvature minimum occurs near a region of

slowly chang ing curvature , it can be difficul t to reproduce its exact l ocation

for data of varying resolution , no i se, etc. However, in thi s case, the angle is

- •  —- --- - ~~~~~~~~~- -~~~-~~~~~~~~~- ——-- --
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very insensitive to the exact minimum l ocation. if the curvature minimum occurs

nea r a point of inflection , the angle exhibits substantial sensitivity to its

exact location , but that l ocation can be accurately and reproducibl y determined.

The distances are measured between curvature maxima . These are quite well

defined locations , so the distances tend to be fairly reproducible across various

resolution s and orientation s of data. In addition , the information contained in

the distances is fairly independen t of that contained in the angles. Finally, the

• distances work well in our feature vector comparison procedure , described below.

The dependence between feature vector definition and the comparison procedures

cannot be overlooked.

After computing the local feature vectors, the comparison algorithm compares

each unknown vector to all of the library vectors, computing a distance between

them where possible. The f irst step in this process is to find a good starting

point ; i.e. a local feature group in one vector wh i ch closely matches a local

r feature group in the other vector. Next, using this starting point , the program

traverses the vectors simultaneously, combining local feature groups when necessary,

i n  an attempt to derive two new feature vectors of identical dimension. If this

f a i l s , the structural anal ysis has indicated that the vectors are diss imilar. If

it succeeds , a reasonable (stat ist ical)  distance measure is used to compare the

two derived vectors.

2. Experimenta l Results.

A set of a i r c ra f t  was synthesized using a graphics program. Three—dimensional

models were constructed for six different aircraft , a Mi ra ge, a Mig, a Phantom ,

an F104, an Fl 05, and a B57. These models were then rotated through appropriate

angles to create a library of projections. The projection space covered half of

all the possible angles. If the object is imagined to be covered with a large

hemi sphere, the Intersections of lines of latitude and longitude would represent

projections.
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The experiment consisted of classify in g unkn own , randomly sel ected projections

by comparing their feature vectors to feature vectors computed from the library

of projections. The unknown projections were of three different resolutions ,

• i28xl28, 64x64, and 32x32. Figs. 14—16 show representative unknown projections for

F each of the three resolutions.

Table 3 shows the performance of both the l ocal and FD algorithms on data of

three resolut ions , with two different degrees of generality. Data (1) has unknown

projections oriented similarly to the library set, and data (2) has an additional

random rotation , it is clear that the loca l method is superior to the globa l

• method in classification accuracy for both the 128x128 and 64x64 unknown data.

The 32x32 data showed a significant d rop in performance , with the ED method being

somewhat better. This is to be expected since the local method is more sens i t i ve

to the detailed behavior of the contour boundary than globa l methods.

it was somewhat surprising to us to find that this local method could beat a

globa l method at its own game, classifying entire shapes. We realized that the

genera l globa l method had little room for improvement , and could not easily take

advantage of apriori information. In contrast, there is abundant opportunity to

be cleve r with loca l features, by doing such things as looking for particular l ocal

structures known to be associated with objects of inte rest, and performing the

classification based only on this information . We believed however, that if

general methods of classif y ing shapes of complete objects were compared the It
globa l methods wouid prove quite powerful.

The explanat Ioo~ for this situation is perhaps not as difficult as mi ght first

appear. The Fourier series coefficients used as features in the ED procedure are

all affected by any slight difference in shape. A short bu rst of noise which mi ght

occur over a small part of the contour can seriously affect every ED coefficient.

On the other hand , our local feature can actually swallow up such a no i se burs t in

~
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a comb i ned feature, paying a penalty in the distance measure which may not be

si gnificant. Even if no combinations are invo l ved , the distance measure weights

every l ocal feature by Its total length , so a short feature can have small effec t

• on the total distance .

The relationships between PD coefficients do not appear to point to an ob-

vious distance measure for classification purposes. Most theoretical work on ED

distances has relied on a mean square distance , but experimental results have

shown that an absolute va lue distance measure is slightly superior in practice !

No rigorous theoretica l explanation for this has materialized , but one possibility

is that the larger FD coefficients may be unduly affected by small variations in

the contour being represented, and hence should not be weighted as heavily.

An attempt was made to improve the results of the PD method by sacrificing

computation time . When the library shapes differ significantly from the unknown

shape, which can happen with thIs low project ion density, there is a small p
potential for normalization problems in the ED algorithm. Checking distances to

all potential normalizations imp roved the performance of the FD method by an

average of l.5~ while slowing it down by a factor of four to five. This improve-

ment does not change the conclus i ons above. Using the prep rocessing algorithm on

• the data did not improve performance.

The estimation performance of the FD method (Table 4) is clearly better

than the loca l method , due to the estimation procedure described briefly above.

The local method simp l y assumes that the unknown projection is oriented the same

as the nearest library projection.

The FD method was much faster than the local method , as would be expected.

Specifically, the FD program can compute a normalized ED in about .9 seconds,

• and perform a three—dimensiona l classi f icat ion in about 1.0 seconds on a PDP 11 /70

minicomputer. The corresponding times for the loca l feature program are 3.6

seconds and 20 seconds. Both of these programs are research tools rather than

efficient implementations of the algorithms .

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
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• Classification Accuracy

Data Type Local. Method FO Metnod

128x128 (1) 96.7 ~ 94.7 Z

126x128 ~2) 95.3 7. 88.IJ ;~

1 28x128 (3) 94.3 7. 84.7 7.

ó4x64 (1) 91.7 7. 89.(J >~

64x64 (2) 90.0 7. 85.3 ~

32x32 (1) 66.0 7. 71.0 7.

32x32 (2) 59.7 7. 64.0 7.

TabLe 3. Classification accuracy in the six class 30 experiment . Uu —

ta is identified by resolution , and by type, with (1) being data of

similar orientation to librar y data, and (2) oeing comjiletely general.

data given an extra rotation . Although both algorithms are desi gned

to recognize projections viewed onty from above, d a e a (3) shows per—

formance on a set of 600 unknown projections , half viewed from above

and half from below. 0€ata (3) h~s the extra rotation of data (i).

.1-

L~L~~ ~~~ • • 
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Projection Angle Estimation Error

Uata Type Local Method H) Method

x y x y

1 28x12d (1) .0728 .u825 .0543 .0315

128x128 (2) .0790 .0834 .0556 .U47d

Table 4 . Trie 300 unknown projections are classified , and their orien— -
.

tation is estimated by both the local method and the FO method. The

resulting median angle errors, in radians , are shown . The Fl) method

is able to interpolate between libr ary projections , while the local

method simply takes the orientation to be that of the nearest library

projection .

I i

‘1
-- v ; _  _ _~~ - _______________ J



I— - 

~: -~ ~~
— 

-~~~~~~

- J

~~

~~~~~~~~~~~~~~~~~~~~~~~ \c

7

Mlrajo N~q

H 
zsI

_~~~~~~~\~
- \•_ \.

‘s
”~• 

S1— I
‘I

rio’~
rf~ 14 RG~s c.r~tat t ,.IG (fr~kn~un Contci.Jr 5 (L2~~ t2~ )

- ~~~~~
--

• c.VIl

1~.c~3

- —_~-~ ~~~~~~~~~~~~~~~~~~~~~~ - - - - — --~~~ --•~ •— ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ - - - -



T~

Pf ~r ag. J~~g

\ \
\

Ft01

rIo -  15 Repr~ g~’r~tat I~JG Lh ~k noun Cont our5 C é’fx~*)

1~~~~~~~~~~1

Plirag.

I

ri o’+ fl~7

ri.~ 16 r~~~.r~tat t~~ Uni nOon C:ontour~ (3~~~ 2) -



27

C. Sequential Image Analysis Using a Parallel Binary Array Processor

Reproduced on the following pages is reference [3] in Section ii . References,

Tables, and Figures refer to those on pages 39-44.

ABSTRACT

— The application of a Binary Array Processor (BAP) to the rapid analysis of

a sequence of images has been studied. Several algorithms have been developed

which may be implemented on many parallel processing organizations. The character-

istic operations of a SAP are discussed and analyzed. A set of heuristic algo-

rithms are described which are designed to register two images of TV type video

data in real—time . These algorithms illustrate the characteristic features of

a SAP and their cost is ana l yzed in detail. The result of applying these algo-

rithms to FUR data and to noisy optica l data are given . Analysis of these

al gorithms illustrate the importance of an efficient feature extraction hardware

for image understanding applications.
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Introduction

Binary Array Processors are SIMD processors consisting of a matrix of

- I processing eLements (PE’s). Typica lly a BAP contains a Large number of very

s imple PE’ s; each PE is capable of manipulating only a few bits of data with

each instruction and arithme tic operations are achieved with bit—serial al—

-

• - gorithms.

BAP’s have been developed over the Last 20 years mainL y for image pro-

cessing applications. EarLy BAP imp lementations were Limited to in the ord—

er of 1000 PE’s [1,2,3], however, with the advent of LSI technoLogy, cu rr~ent

BAP impLementations consist of in the order of 10000 PE’s. Most current PE

design [4,5,6) are directed towards LSI impLementation; aiming at 1 to 8

PE’s with their data memory on a single chip.

The imRortant features of the BAP organization are: fast paraLLeL

operation, fast access to Local neighborhood data and efficient storage of

the image data. Algorithms developed for efficient implementation on a BAP

are also well structured for other bit—serial processors such as STARAN [11]

and, in many cases could be implemented on other paral. let processors such as

ILliac Iv [12].

BAP’s are restricted to 1—bit wide data paths in general. With this

constraint it is possible to calculate the minimum number of memory cyc les

needed for many characteristic operations. From these figures the cost of

al gorithms may be calculated without being restricted to a single PE archi—

tecture. The ratio of cost between different operations are more marked for

BAP than for a conventional computer. For example, typically a logical

operation may be 10 times faster than an add operation and 100 times faster

than a mul tipLication. Some practical heuristic image processing algorithms

are presented, which are matched to the efficient operations of a BAP. The 
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general approach is to reduce the data to a binary image form which may be

very rapidLy manipulated on a BAP.

A set of algorithms have been developed for the rapid registration of

— 
• 

two images from a sequence. These are suitabLe for real time imp lementation

on a SAP for TV video data. The sequence of algorithm is as follows.

(a) Median FiLter: The images are median filtered to remove spurious Large

valued noise pixels.

(b) Adaptive ThreshoLd: The filtered image is threshoLded into a binary

feature image by a LocaLLy adaptive algorithm.

Cc) Balanced Binary Filter : -An iterative filter is applied to the binary

feature image to remove isolated noise pixels.

Cd) Binary Image Registration : One binary image is slid over the other un-

til the best match is found.

In the next section, the characteristics of the BAP architecture are

discussed and memory cycLe times for some operations are given. Each of the

• image processing algorithms are then described in detail. Finally, the

results of applying these algorithms to some reaL data are given.

Binary Array Processors

The main functional units which characterize most BAP PE architectures

are shown in Fig. 1. ALL data paths are 1—bit wide and data is stored in a

1—bit wide memory 11. Data seLection is achieved by the input seLect unit

which can obtain data from the memory M or from near neighbor PE’s. Data

processing is achieved with a simpLe ALU which can process two sing le—bit 
• -

operands per instruction. The input select unit and ALU may contain several

‘1 1—bit registers for hoLding temporary data values. Some PE designs [1,5)

Involve a 1—bi t mask register which , when set, inhibits the PE from process—

ing data.
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The data interconnections between PE’s are shown in Fig. 2. Most PE

architectures [1—5,7) have interconnections with the 4 nearest neighbor

PE’s. Some BAP designs [3,4,7] aLso have interconnections with the 4 next

nearest neighbor PE’s as indica ted by the broken Lines in Fig. 2. Hexagona l

PE interconnections have also been considered [3,7—9]. The input seLect

unit can seLect data from any memory Location within its own PE or any

adjacent—connected—PE memory Location .

• The performance of a SAP for several functions on N—bit integer data is

given in TabLe 1. A memory cycle is the basic instruction time for aLL PE

instructions, even if the instruction does not access the data memory M.

The memory cycLe times are optimal if the BAP is restricted to 1 bit wide

data paths and a singLe data memory M. Only a simple 2—input ALU is neces-

sary to achieve these optima l speeds. Multiplication may be achieved in 3P42

cycLes and division may be achieved in 6N2 cycLes by aLgorithms using the

operations defined in TabLe 1. However much higher speeds for muLtipLica-

tion and division are possible if a more complex ALU with increased tem-

porary storage is available.

A matrix of PE’s as described above, is capable of realizing Low Leve L

image processing functions such as filtering and edge detection . For image

understanding, a feature extraction mechanism is necessary, two possible

functions are given in TabLe 2. The first function determines if any bit in

a bit—pLane is set. This is easy to implement and only requires one memory

cycLe. The second function computes the sum of a matrix of pixeLs. The im—

• 
ptementation of this function requires some special hardware to sum data

from the PE matrix; the execution time depends upon the complexity of this

hardware.

4$
;
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The execut ion for a typicaL mechanism which shifts data out through one

• edge of the PE matrix is given in TabLe 2. A value for d of 1 is easiLy at—

tam abLe; moreover, smaLLer values for d may be achieved wi th additional

hardware.

Median Fil tering

The adaptive threshold algorithm is very sensitive to any Large valued

spurious noise pixels. This type of noise can be effectiveLy removed by a

3x3 Local area median fit ter. The true median of the 9 element area may be

computed on a SIMD processor by a sequence of 20 compare and exchange opera-

tions [10]. For a BAP processor this would require 122N memory cycles if

aLL 8 near neighbor processors are available and 124 N memory cycles if only

4 adjacent PE’s are available.

A pseudo median filter operation has been developed which requires

fewer memory cycles to implement than the true median function. Thi•s aLgo-

rithm may seLect one vaLue higher or lower than the true median value but it

is stiL t adequate for removing random high Level noise pixels. The pseudo

median is formed in two stages: First the median of each horizontal triplet

of pixeLs values is computed, i.e.

HM(i,j) • median (P (i—1,j),P(i,j),P(i+1,j))

where HM is the horizontal median of th
•
e image P. At the same time the PE’s

above and below PE(i,j) compute HM (i,j+1) and HM (i,j—1). The second stage

Is to compute the median of each vertical triplet of the horizontal med ian

fiL tered image, i.e.

• PM( i j)  • med ian (HM (i,j+1),HM(i,j),HM (i,j—1)

On a SIMD processor a three element median may be achieved with 3 compare

• _ _ _
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- • and exchange operations; this implies 18 N memory cycles on a BAP (by sub—

stituting for the cost of operations defined in Table 1). Two of the cx—

change operations may be repLaced by replace operations; this reduces the

number of memory cycles requ i red to 16 N. The algorithm for the median of

three eLements A, B, and C is given beLow

M~~~1 i f f A > B

11,12 • exchange (A,B,M)

M~~~1 iff C > T 1

Ti • select (C,T1,M)

M~~~1 iff T1 > T2

MD • seLect (T2,T1,M)

where 14 is a binary mask, Ti and T2 are temporary storage values and MD is

the true median.

The pseudo median algorithm requires two three element med ian opera—

tions, i.e. 32 N memory cycles for a SAP.

Adaptive Thresholding

An adaptive -threshoLding aLgorithm assigns a 0 or a 1 to represent the

vaLue of each pixel position depending upon some Locally computed statistic.

One scheme, mean thresholding, is to represent a pixeL by a 1 if it is

greater than the local~ mean pixel value. An alternative scheme, which pro—

duces somewhat similar results, is to represent a pixeL by a I if it is

cLoser to the maximum locaL pixel value than the minimum Local pixel vaLue.

This max—m m threshotding is defined by

MMT(l,j) • 1 iff 2P(I,j) > MaxL(P(i,))) + MinL
(P(i,j))

• where MaXL and Mm 1 are the Local maximum and minimum values computed over a

local area of LxL pixels. The max—mm scheme has produced better results

- •

~
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than mean threshoLding for the data we have used.

The maximum of two values may be computed by a compare operation foL—

• lowed by a seLect operation . To compute the maximum of a row of M adjacent

values only requires llo g2 Ml compare and select operat ions. For example

if, in one dimension, we have Max4(P(i)) and we require Max8(P(i)) onLy one

compare and select operation is required as

Max8(P(i)) Max (Max4
(P(i—2)), Max4(P(i+2))) .

However, 8/2 shifts of the data are also required on a SAP to achieve this

computation. In general for Max14(P(i
)) the cost of the computation is

rlog2cMn compare and select operations plus M—i shift operations. For the

two dimensional case, the maximum of each row is firs t computed and then the

maximum of ~he resulting coLumns is computed; therefore twice as much compu—

tation is required. A similar aLgorithm can be use for comuting the local

minimum.

The minimum number of memory cycles for computing the local maximum and

minimum may be found by substituting the values for the operat ions given in

TabLe 1. The number of memory cycles to compute MaxL
(P(i,j)) is

214(5log 2(L)+L—1). A further sLight reduction in this computation time is

possible by observing that the data to be processed by a PE only has to be

shifted to an adjacent PE rather than the PE itself; a saving in the order

of 4NLog2
(L) shift operations is possible. The cost from Max1(P(i,

j)) then

becomes 2N(3Log2CL)+L).

Once MaxL and MinL have been computed the remainder of the binary image

computation requires one addition and one comparison i.e. (3N+1 ) + (2N+2+1)

= SN + 4 memory cycles. Therefore the total computation for the max—m m

adaptive threshold is 4N(3Log 2(M)+M) + SN + 4 memory cycles. The computa—

~L .
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tion for the mean threshoLd function only requires 2N(Log2
(M)+M+1) memory

cycles.

Balanced Binary Smoothing

• The binary image which results from threshoLding an image frequently

contains regions of ‘noise ’ caused by either indistinct edges or very fine

detail in the origina l image. This noise may be removed by iteratively ap-

plying the ba lanced binary smoothing algorithm described below. This algo—

rithm complements the values of any elements which have only one or Less,

4—connected adjacent elements of the same value.

BB(I,j) • 1 iff(B(i,j) + B(i+i ,j ) + B (i—i,j) + B (i,j+1) + B(i,j—1)) > 3

where B is a binary image and BB is the smoothed version. This may be im-

pLemented on a BAP in 26 memory cycles with an optimum sequence of Logical

and sum operations. A singLe pass with this algorithm will remove any iso-

lated l’s or 0’s. Repeated applications of this aLgorithm wiLL reduce any

singLe bit wide Lines of l’s or 0’s, that are not connected to larger re-

gions of the same type, by I bit with each applicat ion.

Binary Image Registration

A measure of dissimilarit y or difference between two images f and g may

be defined by the following

x y
df = c E E (f(i,j) — g(i,j))2

1=1 j=1

where c Is a constant.

Two Images may be registered by sliding one image over the other and

• evaluat ing the difference at each shifted position until a minimum differ

hi. ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
•• 
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ence is found. As one image is sifted over the other some’ pixels near the

— edge of the image wiLl not have any corresponding pixel s in the other image;

therefore these pixels must be discarded in computing the difference. The

vaLue of c is also affected when only a subset of the image is involved.

One solution to this problem is to use a consistent subset of the 
• 
image

f(i,j) for all correLat ions. For a maximum displacement of r elements

between the two images aLL elements of f(i,j) within r elements of the edge

• must be discounted from the correLation computations. A measure for rela—

tive difference may be defined as follows.

X—r Y—r 2V(k.l) = E (f(i,j) — g(i+k,j+l))
i r+i j r +i

where k is the horizontal displacement and I is the verticaL displacement

between g and f. c is a constant value for all V (k,l) therefore the minimum

vaLue of V indicates the best correlation.

The cost of the computation of this function on a SAP is very high.

The squared difference between the images could require in the order of 3142

operations with a simple squaring algorithm and the cost of extracting the

value of V from the result is 2NdX memory cycles (using the mechanism

described in Table 2).

If the images are binary vaLued then the expression for V (k,l) reduces

to

x—r j—r
V(k l) = ~ f(i,j) ® g(i+k,j+L)

i r+1 j r+l

If the binary Images are the result of the adaptive thresholding algorithm

with an LXL window then the L/2 elements at the edge of the image do not

~
I - s
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contain vaLid data. Therefore r in this case, is the maximum displacement

between the image plus L/2.

The amount of computation required to compute the exclusive—OR function

of the selected elements of f and g is 3 memory cycles. The extraction of V

from the PE’s requires Xd memory cycles. Our imp lementation of this func-

tion involves an equivalence function in place of the exclusive—OR function .

This changes the registration problem to detecting the maximum of a peak

rather than a minimum , the results, however, are identical.

ResuLts

The algorithm described in the previous sections have been applied to

two sets of test data with a BAP simulator [13]. In Fig. 3(a) two frames of

sequentiaL infrared images of a truck are given and in Fig. 4(a) two digi-

tized sequential frames of a missile being Launched, which were di giti zed

from a 16 mm film, are shown. The truck images consist of 128x128x8—bit

pixels and the missile images consist of 256x240x7—bit pixels.

The frames of the missile were pseudo median filtered and the filtered

Images are shown in Fig. 4(b). The frames of the truck were formed from two

Interlaced sensors with different sensitivities which resulted in alterna-

tiveLy pairs of scan Lines with different intensites. To compensate for

this imbaLance the vertical three element median operation was rept~ced by

computing the means of vertical adjacent pixel pairs. The result of the

horizontal med ian followed by the vertical average operation is shown in

FIg. 3(b).

ALL the fil tered images were then max—m m thresholded with a local wirr

dow size of 15x15 pixels ; the binary image results of this operations are

shown in Fig. 3(c) and Fig. 4(c). The results of iteratively applying the

balanced smoothing operation to these binary images are shown in Fig. 3(d)

‘4
- ~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~ ~~~~ ~~~~~~~ -
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and Fig. 4(d). For aLL images the smoothing algorithm terminated within 4

iterations. This aLgorithm had a more marked effect on the truck image data

as it contained a Larger amount of high frequency noise.

In Fig. 3(e) the inverted difference matrix V is given for displace—

• ments of upto 4 elements in all possible directions. This matrix has a

clear peak in which the largest value 2.7% greater than the next highest

value. This peak indicates the position of the best ccrrelation, i.e. 2

- • pixels to the right and 2 pixels down. The equivalence function of the two

binary images with this displacement is shown in Fig. 3(f); the light areas

• indicate where the two binary images have the same value.

In Fig. 4(e) the inverted difference V for displacements of up-to of 10

pixels in aLL possible directions is given. This matrix has a main peak

value loca t~d at 3 pixels to the Left and 8 pixels down. There is also a

second peak located at 4 pixels up and 1 pixel to the right . This peak is

due to the matching of the missile which has changed position, relative to

• the background, between the two frames. The maximum of the second peak is

wi thin one to two pixel positions of the registration of the missile. As

the missile is only 2—3 pixels wide this is not close enough for accurate

target registration, it is sufficiently close, however, to direct the camera

to track the target.

In Fig. 4(9) the absoLute difference between the two pseudo median fil—

tered frames at the point of background registration is given; in Fig. 4(f)

the equivalence function of the two binary images with the same displacement

Is given. The difference image clearly shows the changed area caused by the

moving missile. The changed relative position of a bad vertical scratch in

the 16 mm film can aLso be seen.

• 
~~~~~~~~~ •~~~~~~~ ~ ~~~~ ~~~~~~ •_~~~~
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In Fig. 4(h) the difference matrix for the pseudo median filtered im-

ages is given. It has a very pronounced minimum at exactLy the same posi-

tion as the main peak maximum in Fig. 4(e). It is interesting to note that,

in this case, there is no indicat ion of the disptacment of the missile with

respect to the background.

- 
The cost of realizing the algorithms on this data, assuming a BAP with

as many PE’s as pixels, is g iven in Table 3. The total cost for computing s
1~~ difference values is as follows:

Truck: 128 d.s + 3s + 1164
Missile: 256 d.s + 3s + 1123

The value of s depends upon the amount of displacement between the two im—

- • 

• 
ages and the efficiency of the search algorithm to locate the maximum value

of the peaks. For typical vaLues of s = 100 and d 1 the truck image re— r
qui res 14264 memory cycles to imp lement and the missile image requires 27023

memory cycles.

The difference matrix for the gray—Level images requires a subtraction

operation and a square operation for each difference point, moreover, the

sum of the bits in 2N bit—planes needs to be computed. For a typical square

algorithm involvir.g 3N2 operations, the cost of computing the difference ma-

trix for the missile data is:

3584 d.s + l99s + 224 .

Therefore the cost for $ = 100 and d 1 is 378524 memory cycles which is

more than an order of magnitude Larger than the binary feature image algo—

ri thms. A similar amount of time would be required by other similar classi—

cal measures such as convolut ion.
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ConcLus ion

The memory cycle cost of a general BAP processor for some characteris-

tic operations has been presented based on the 1—bit wide data—path con—

straint. The analysis of algorithms with this cost scheme indicates the ef-

ficiency of their imp lementation on many existing BAP architectures.

Algorithms for the efficient registration of a sequence of images on a

SAP have been presented. These algorithms are more than an order of magni-

tude faster than classical measures. The difference matrices generated by

these algorithm indicate where the backgrounds of the images are registered

and aLso provide information on the dispLacement of moving objects.

CLose study of peak for the moving object in Fig. 4(a) indicates that a

• registration within 1—2 pixeL positions is possible. This information may

be used for tracking the object but is not sufficient for registering the

object (which is only 2—3 pixels wide). Current research is directed to—

wards extracting the general shape of moving objects from background re-

gistered images and then using this information to more accurately register

and anaLyze the object.

• FinalLy, the importance of an efficient hardware feature extraction

mechanism for impLementing image understanding algorithms on a BAP is iLlus—

• trated. For a value of d = 1, which implies an efficient counter at one

edge of the BAP, feature extraction operations are responsible for over 90%

of the total computation time of the registration algorithm.
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- Memory

Function CycLes

k—PE shift R(i,j) + A (i,j+k) (k+1)N

or R(i,j) + A(i+k ,j)

add/subtract R(i,j) • A (i,j)+B(i,j) 3N
- 

- 

add and k—PE shift R(i,j) • A (i,j)+B(i+k,j) (k+2)N

compare R (i,j) + 1 iff A (i,j)>B(i,j) 2N+1

Select R (i,j) • (Ai ,j)xM(i,j)+B(i,j)xM (i,j) 3N
— 

Exchange Rl (i,j) • A (i,j)xM(i,j)+B(i,j)xW(i,j) 4N

R2(i ,j ) • A( i ,j )xM( i,j )+B(i ,j )xM( i,j )

PE—Function Execution Times

TabLe 1

I

Function Memory CycLes

detect any PE with a 1 V + \/A(i,j) 1

• 
i,j 

_________________

sum aLL elements V • E A (i,j) dxXxN
i,j

Feature Extraction Times for a BAP
with XxY PE’s

TabLe ?
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Truck Missile

dimensions of image 128x128x8 256x240x7

Pseudo median filter 152 224

Max—mm threshoLu on 15x15 area 908 795

Balanced smoothing, 4 iterations 104 104

Total for binary image generation 1164 1123

Binary difference measure per point 128d+3 256d+3

Table 3

Cost of Reg istration Algorithm (Figures for
All ALgorithms are in Memory Cycles).

a

ha 
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__ __ _ I L
- Data 

_ _  
~1 1

1 
-

f rom near =4 Input ALU M

neighbor PE’ s__: Selector _______ _______ Memory

To near nei ghbor PE’ s

BAP PE Organiza tion

a 
Figure 1

• 1 . . L  I 1• 

~~~~~~~~ 
-

- 
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~~~~I~~~

H
• _ _ _ _ _

• L 
J~dr E~1 ~ i

- ; Data connection s between a PE
and Its near neighbo r PE’ s

Figure 2 
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Figure 4

-I Two frames of FUR data Two frames of a moving m issile
• (a) The orig inal images

- 

- (b) Med i an filtered images
(c) Adaptive threshold with a 15x15 window
(d) Balanced smoothed images
(e) Inverted diffe rence matrix
(f) Match between registered bina ry images

1 (g) Absolute difference between reg istered images

‘5’ (h) Difference matrix of the grey leve l images
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D. The Use of Edge Info rmat ion In Segmentation and Track ing

The following results are similar to but newer than those reported in

Reference (4], SectIon II. This has not yet been submitted for publicat ion.

References and F i gures refer to those on pages 54-63.

ABSTRAC T

A method of averaging Is described which uses edge info rmation to control

the window shape, thus allowing a large window to be used without the usua l dis-

advantage of smearing the object with the background. A set of 3x3 and 5x5

Isotropic weighting functions for edge detection are presented. A method using

texture is described. Use of prior frame informat ion in segmentation is dem-

onstrated in a tracking application .

I ndex Terms - edge detect Ion, I sotropic window, segmentation , texture, tracking.

-
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I. Introduction

Automatic video tracking depends heavily on the segmentation of object from

i ts background E l ] .  In many cases, the approximate locatIon of the object to be

• 

tracked is known. Thus the problem is reduced to object extraction and verif I—

• cation followed by camera keying to track the desired object.

The method of segmentation and tracking presented here Is greatly dependent

upon edge detection . The method is relative l y insensitive to slight edge dis-

continuities. Best segmentation , however , requires good edge extraction .

II. Edge Operators

Much work has been done in the area of edge detection and several dif-

ferent approaches have been taken. It is generally recognized however, that

boundary detection is best accomplished by the combination of a relatively -

simple edge detector, followed by algorithms that thin and link the segments

obtained [2).

The proposed edge detector -is a gradient type measurement made over a

3x3 window or a 5x5 window. Fig. 1 shows the weighting functions used for

both size windows to yield i sotropic detection . The gradient edge value at

ea ch poin t i s the square root of the sum of a2 and b2, where a and b respec—

t ively, are the dot products of each weighting function with the same window

size of image points centered around the point being determined . In order

to simplify computations , the square root of the sum of squares is sometimes

replaced with the sum absolute values. The 3x3 weighting functions yield

the same result as functions previously published [2). The second column of

Fig. 2 shows the results applying the 5x5 edge operator to the origina l im—

ages shown in the first coLumn. The original pictures are forward looking

infrared (FLIR) imagery (thermal radiation ) of four mi litary vehicles.
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Edge thinning is accomplished by hysteresis smoothing [3], [4] and 10—

- -

~ cal maxima extraction . Rosenfeld and Kak have previously described a non—

- maximum suppression method of edge thinning (1]. The algorithm used here

retains only those edge points which are both (1) above a threshold , t1, in

edge value and (2) are hysteresis smoothed local maxima above another thres-

ho ld, t2. To determine the location of edge points the following procedure

is implemented :

Compare the edge value of each point with the threshold t1. Only those

• points above t1 are considered . 
Each potential edge point is then compared

• with its two vert ical neighbors. If its edge value is above both neighbors,

the point is a locate maximum in the vertical direction . If this is the

case, compare this point with each point along both vertical directions un—

t i l an edge val ue i s encountered which is above the po int ’s vaLue or until

the edge ~f a nxn window centered around the point in consideration is en-

countered . The largest differences between edge values in each vertical

direction are then compared and the smallest of the two is retained as th•
e

size of the local maximum in the vertical direction . An example is shown in

Table 1 for a 7x7 window.

Table 1. Sample Edge Values for Extrema Detection

- 32 36 40 47 30 24 20

31 33 34 30 32 36 32

• 34 36 40 32 40 30 28
-

• 
, ‘ 38 42 46 45 43 35 33

34 36 40 33 47 32 30

30 34 42 50 42 40 38

26 30 30 20 45 36 34 F 
-- ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ :~~~~~~~~~~ -~~~~ ~~~~~~~~~~~~~~~ ~• - _

~ ~~~~~~~~~~~~~~~~~~~
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• The center value is 45. The 47 ends the search in the top direction and the

50 ends the search in the bottom direction . The range is 15 above (45—30)

and 12 below (45—33). Therefore, the center point is a local maximum in the ‘ I

vertical direction of size 12.

This process is also done in the horizontal direction . In the example -

of Table 1, the center point is not a local maximum in the horizontal direc-

tion. If a point is a local maximum in both horizontal and vertical direc—

tions, the largest of the two sizes is retained . If the local maximum size

is greater than t2, that point location is marked as an edge point. The

result of this process is a binary edge picture with thin edges. The result

of this thinn ing process is illustrated in the third column of Fig. 2. The

window size used was 21x21 .

This edge seLection method guarantees that there cannot be a square

grouping of four edge points in the binary edge picture. As an example , we

take four such points, a, b, c, and d as shown in Fig. 3. If a > b, then in

order for b to be a maximum , we must have b > d. And likewise , d ~ c. But

this gives a > b > d > c so that c cannot be a maximum .

A problem with this method arises in the case of horizontal /vertical

corners. As is apparent in the truck example of Fig. 2, the corner points

~~ 
I 

are of ten ne ith er hor i zon tal or ver ti ca l ma xi ma, and thus are destroyed by

the thinn ing process. A solut ion is attempted by extending the local max-

imum detection method to use the two diagonal directions as welt. The

corners are improv ed, but the non—clustering guarantee described in the pre—

vious paragraph is Lost . The fourth column of Fig. 2 shows these results. —
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III. Use of Edge Information in Averaging

Averaging is useful to the segmentation process in two major ways.

First, it reduces noise present in the orig inal pi c ture, and second, texture

informat ion can be obtained by averaging local texture features derived from

the original image [1], [5]. Fixed—window averag ing also attenuates valu-

able hi gh frequency information, blurring the resulting image. The follow-

ing proposed technique greatly restricts this detrimental effect.

In a region where no edge points exist , grey level averaging is per—

formed as usual over a square nxn window. However, where edge points are

present, no averag ing is allowed to cross an edge boundary so that each

• point is averaged only with those neighbors of its own region . This is im-

plemented by allowing the predetermined edge boundaries to contro l the size

and shape of ~he window. As illustrated in Fig. 4, searching is done in

both horizontal and vertical directions. Searching is not alLowed to con—

tinue beyond object edge or window boundary. Only those points which are

encountered in both searches are used in the average. (Note: Since isolated

edge points are meaningless they are removed prior to the averaging opera—

tion.)

This technique of edge—controlled averaging is illustrated in Figs. S

and 6 and contrasted with the fixed—window method. In Fig. 5, the effects

of a 7x7 averaging window on an original grey level picture are ilLustrated .

Fig. 6 shows the results of a 15x15 window averager used on the texture

features described in the next section .

~~~~~~~~~~~~~~~~~~~~~~ -~~~~~~~~~
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F t
r IV. Segmentation

- 
• 

The techniques described here assume that the location of an object to

be tracked is known . They attempt to separate the object and non—object

points based on features measured in the background and in the object re-

gion. To accomplish object segmentation, background features are collected

over an annular region surrounding the object. Then the features of the ob-

ject region are compared to those of the background, the points not matching

the background are Labeled as object points. Grey level atone is not always

enough information for accurate segmentation, so an additional feature is

necessary for the process. The additional feature chosen to complement the

grey Level image is texture . The texture was chosen because it seems prob-

able that object end background textures would not be identical , assum ing a

good texture measure were available to differentiate among textures. The

texture feature used here is derived from hysteresis smoothed local extrema

described elsewhere [63, C?]. The process is similar to that described in

the previous section except that the original grey level image is used in-

stead of the edge value image . Also minimum as well as maximum are re-

tained . The size of the extrema retained is data dependent . The medium

level extrema are retained and the low level extrema (noise) and high level

extrema (grey leveL edges) are rejected. The resuLting binary image is

averaged to produce a texture value picture. This texture value corresponds

to the number of medium Level extrema in the vicinity of the point. The

averaging process uses the edge information to controL the window shape and

s i ze as discussed in the previous section . 

- -~~~
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The grey level image is also averaged over a small window using the

edge information to produce a picture with more definition between the ob-

ject and background . This is visible in the histograms shown in Fig. 7.

The first histogram corresponds to grey levels in the first picture in Fig.

9. This original had only 40 grey levels which were multiplied by 4 to give

the desired range. The histograms of the averaged picture using a fixed 3x3

window and using an edge—controlled 3x3 window are also shown . Note how

edge—controlled averaging preserves or even enhances grey level differences

while fixed window averaging blurs the results. Once the feature images are

produced, two concentric circles are centered at the potential object Loca-

tion. The inner circle represents the potential object area and the annular

region betweer the two circles represents the background region . In an au-

tomated system these circle sizes would be adaptive since approximate object

size and background context wilt be available frcm prior frames. The back-

ground annular region must be Large enough to allow a sufficient back ground

sample to be collected but i.t must not include object points or be so large

that irrelevant background obscures the background/object differences.

The background statistics gathering program generates a two—dimensional

histogram over ti’-e two features for all background points. The quanti zatiori

selected allows fo’ 32 averaged grey Leve ls and 16 texture values. This

background histogram is therefore composed of 512 bins. Once the background

4 2—D nistogram is completed , each potential object point (2—D vector) is corn—
.

~I -j

. 1 1
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pared against its background bin. If that feature combination occur- s often

in the back groun d, the point is considered another background point . If the

feature combination does not occur in the background , that point is Labeled

an object point .

The results of applying this segmentation method to the originaLs in

Fig. 2 is shown in Fig. 8. Included is the texture extrema, the texture

value picture (edge controlled extrema averages), the edge—controlled aver-

age grey Level , and the segmented results.

Following segnentation it is necessary to analyze the structure or the

shape of the segmented object to verify that it is the object to be tracked.

Three such possible methods of verification are the use of Fourier descrip-

tors [8], moment arid invariants [9], and projections CS]. These will not be

treated in this paper.

V. Tracking

The method of the previous section was applied to sequential frames of

a missile after take off. The results of this method are shown in Fig. 9.

In each case, edges were detected using the 5x5 isotropic window. These

edges were then used to average the original (128x128) over a 3x3 window and

the texture extrema over a 15x15 window. These results were used as the two

features for segmentation . Again it bears mentioning that the original data

had only 40 grey levels.

• In tracking problems, as opposed to single picture analyses, the seg—

mentation can be improved by maintaining previous frame object histograms

generated by the segmenter as described in section four. These prior 
-

statistics are multiplied by a scale factor less than unit y and added to the

• new statistics. Or, in the case that present frame statistics yield a poor

segmentation , (e.g. the object is temporarily hidden by clouds, etc.) prior

—‘~~~~~~~~~~~~
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frame information may be relied upon ent i rely for the segmentation . This is

possible in most tracking situations since the information contained i~~~

• sequential frames can be assumed not to change drastica lly. This method of

retaining prior frame information in segmentation was applied to the pic-

tures of Fig. 9 and a comparison of the results is shown in columns one and

two of Fig. 10. Column c of that figure contrasts the results of single

frame segmentation of the same object without the use of edge information to

con trol the avera ging of the grey Level and texture extrema.

VI. Conclusion

An intelLigent use of edge information for segmentation and tracking

has been proposed. Especially when texture is a significant factor in

separating an cbject from its back ground, the edge information can be used

• to obtain much better texture results and therefore a better segmentation.

On the limited set of data attempted for this paper, this method has shown

improvement over similar methods where the edge information has not been

used e f f ec t i ve l y .

Although the real time implementation of such a system has not been

aiscussed in this paper, it is cer ta in ly  a necessary step for p rac t i ca l  use

of the algorithms. One especiall y intriguing possibility is to implement

the edge—controlled averaging is a two—dimensional analog CCD device, where

the edge information is imposed as a potential that causes barriers in the

conducting region, thus preventing averaging across edge boundaries. In

f ac t, the strength of analog edge value might be used to control the

strength of the barrier.
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.42 1 0 0 1 42

1 0 —1 —1 0 1

0 —1 -42 —42 -1 0

(a) 3x3 window

1 .J2  ~J3 0 0 0 0 43 42 1

42 1 ~~~~~~ 0 0 0 0 42 1 42

I .J
~~~ 42 0 -42 -43 -43 -42 0 42 43

0 0 —42 —1 —42 —42 —1 -42 0 0

0 0 —43 —42 —1 -1 —42 —43 0 0

I 
• 

(b) 5x5 window

• Fig. 1 Isotropic weighting functions for edge detection
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Fig. 2 CompoSite p icture of sixteen 128x128 origina l
FUR imeges and results : (column 1) ori ginals ;
(co1~unr 2) result of 5x5 isotrop ic edge detection ;

~co1 umn 3) bi — directiona l local max ma detection of
co lur n 2 p icture ; (co lumn 1~~) quad—dire ctT onal loca l
m~x iina detect ion of colunn 2 p ic tu res

U
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a b

c d

FIg. 3 Four adjacent edge va lues
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Fig . 5 MissIle Launch: (top left) 256x256 origina l ;

- 
(top right) Result of 5x5 isotropic edge detection ;

• (bottom left) average over 7x7 fixed window ; (bottom
r!ght) 7x7 edge—contro lled average
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Fig. 6 FUR truck of Fig. 2: (top left) 128x128

texture ext rema ; (top right ) result of 5x5 isotrop ic

edge detection on or iginal image ; (bottom left ’
~ average

‘var 15x15 fixed window ; (bottom ri q ’~t) I~~ I5 edge- - -

control led average
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FIg. 8 ComposI te picture of sixteen 12-8x128 results
using ori ginal FUR images In FIg. 2: (co lumn 1)
edge-controlled grey level average over 3x3 window ;
(column 2) texture extrema ; (col umn 3) texture value
picture -- edge—controlled extrema average over 15x15
window ; (col umn 4) segmented results
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Fig. 9 Sequential frame segmentation of missile :
(column 1) 128x128 originals; (col umn 2) 3x~ edge—
controlled average of originals; (co lumn 3) texture
val ue picture —— edge—controlled extrema average over
15x15 window ; (column 4) segmented results
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Fig. 10 Sequential frame segmentation comparison
of the missile in Fi g. 9: (co l umn 1) without prior
frame info rmation ; (column 2) with prior frame
information
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