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ABSTRACT

The search for and development of algorithms for a real-time, auto-
matic system capable of tracking 2-ID targets in complex scenes is dis-
cussed. The problems and constraints involved in such an undertaking
as well as previous efforts are simm~iri zed. No algorithms could be found
in the literature that will provide satisfactory results for realistic
conditions. A mathematical model of scene spatial and temporal evolu-
tion is developed for certain classes of targets and target perturbations.
It is shown that for small target perturbations the 2-D tracking prob-
lem may be approximated as a l-D time-varying parameter estimation prob-
lem. A novel and CCD-iznplementable solution is developed which is super-

ior to previously developed algorithms, particularly when considering

target rotation and dilation and target/background separation. Results

of system simulation and suggestions for future research are presented.
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1.
I

.~~~~ .PTER I

~~TR~~UCTI~~

.1

1.1 Background

M the speed , capability and economic advantages of modern signal.
processing devicss continue to increase , there is simultaneously an in-
crease in efforts aimed at developing sophisticated , real-time automatic
systems capable of emulating huean (or p.rhaps more generally, biologi-
cal.) functions. The research described herein concerns the development
and implementation of algorithms for a real-time video tracking system,
in particular , a dedicated discrete-analog - computer capabl. of process-
ing complex , t.tms-vaxying visual information in order to extract the
camera mount control. or guiA~iice signals necessary to follow a predeter-
mined visual target.

Th. attempted automation of this capability results in an cx-
tre ly complicated problem. This is at least partially due to the fact
that “.. . the perceptual, processes involved in. . . th. h~~an visual system

- 
S 

.. . are not well understood. . .“ (1], and perhaps accounts for the many
unsatisfactory empirical and heuristic solutions which have been pro-
posed.

Whil, a more exact mathamatical problem description viii, be un-
dert aken later, basically (see Figure 1) the problem addressed herein
is as follows: Th. target to be tracked is located through a viewing
system (a C~~ ceesra and mount with azimuth , elevation and zoom con—
trols is as~~~s4) in such a way that automatic feature extraction is
made possible. ~~ce the target is loCated, it is desired that the
automatic system provide control signals to the cemera mount to keep
th. target centered in the c~~~ra field of view (TOy) , in spite of
target translation, rotation (3-0) , magnification, and possibly tem-
porary occlusion (partial or total) . Thus , th. overall problem ii to
design a “2-0 regulator” for a closed loop control system with both

1

__-S-

~~~

_  

-
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2

1-0 and 2-0 “links ,”3’ and therefore it should be expected that both con-
trol and Image processing theory will be employed in th. solution. The
military and industrial applications for such a sophisticated system ap-
pear promising, particularly if th, entire processor could be fabri-
cated on a single circuit board . For example, high-level automatic air-
craft trackers or assembly line c~~~ uter vision systems could be imple-
mented.

1.2 Report Organization and S”~~~ry
This report sn~~a-rizes research which led to the development of a

set of new, un.tçu., and C~~ implemsutabla video processing algorithms
c~~~rising what is termed the Taylor Series Video Image Processor

4 (TSVIP) . Basically, this approach elimii~-stes many of the severe short-
comings of previous efforts , including th. assumption of I.mzealistica.Uy
simple targets and scenes , unsuitability for real-time operation , and
inability to handl, perspect ive transformations.

Th. report is organized as follows : (~ apter II presents a more
detailed view of th. system design concept , necessary algorithms for a
successful system, desirable system performance features, limitations ,
and comparison of the desired system with the hi~~an visual. system (HVS) ;
C~apter III reviews previous work, including shortcomings ; C~iapt.r IV
discusses the mathematical details of th. problem and develops a model.
for scene spa tial and temporal evolution ; and ~~apter V presents a
uniqu, solution , termed the Taylor Series Video Image Processor (TSVIP) .
C~apter Vt m ariz.s c~~~ i~t r  simulation undertaken to confirm the va-
lidity of the proposed theory . Fins il y, ~~apter VII s’~~~~”izes the work

1) A note here should be mads concerning the term “14”mnsicn .” Unless
otherwis e stated , this term refers to the nunber of arguesnts of a (con-
tinuous or discrete ) function, not th. sirS of a vector. For example ,
using this convention , P (x ,t) is a 2-4in~nsional function , whereas ~~~~

(t)
is a one-dim.nsicnaj . (vector) function (of t ) ,  even though ; may be a
nxl vector , which , in referring to its size , is c omeo~ly termed an “N
~isi.iisiona.l vector .” -

_ _

I
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I

~~~ II

5TS(~~~ OV~~v~~ I

Desirable 9i’st.m Features

The system should be designed with the following general perform-
ance measures in mind:

(1) I~~1ity for real-time operation in c~~~lez sonochromatic
scenes . This constraint will generally affect tempora l and
spatial, s~~~ling rates, as well as the eompl,rity and impi.—
mentaticci of the resulting system algorithms ;

(2) Adaptability to time-varying target and (slowly varying)
background parameters, in particular , those related to rota-
tion and dilation of th. target; and

(3) M {n4is~~~ prohth4 lity of loss of target (LOT) , if only accord-
ing to s~~~ loosely defined criterion . I~ ter it will, be
shoim that a suitable measure might ~e to sin (E [ C —b) 2] } ,  where

~ and b are the estimated and actual target translational
parameters , respectively.

2.2 Algorithms ~scessaxy for Successf~al. System

Referring to Figure 2 , the ~ 4-n4-~~~~ software necessary for a mc—
cessful system may be subdivided into four parts :

(1) A target/backqzo~~d (T/E separation or segmentation algo-
rithm, which ee~~~nts the scene by classifying pizels (or
groups of pi ls) as ~~~~~~~~ of either the target or back-
,~~o~md sets;

(2) A registratio n algorithm , which processes informati on from
the ~ust-s.~~~nted scene as well as memory information to
generat. raw estimates of th, target centroid (or perhaps de-
viaticci of target centroid from some nominal value) ;

S

4
- - ~~~~~~~~~~~~~ 5~~~5~~_~~ S~~~~~

- - . - - 
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Figure 2 Major Tracking Computer Software Components
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7

(3) A tracking filter, to ~~~~~~~~~~~~~~~~ ‘~e the effects of noisy data , in-
e~~~t T/B separation , partial occlusion, and perhaps to pre-
dict the target location ; and

(4) An overall system control algorithm, to make the major system
automatic decisions, and supervise algorithm interaction .

It should be noted that the syst~ e’ s overall success in determin-
ing the target position is highly dependent upon the success of alga—
rithms (1) and (2) , and that it is possibi. that both these functions

may be accomplished via one algorithm , e.g., a template sateI~i~i g  a;-
proach. Also, in this report, the major emphasis will be on the develop-
ment of the first two algorithms , i.e., target/background separation and

registration.

2.3 ~~stem Limitations and Aasi~~ptions

The following restrictions and asa&sq tions are posed for the sys-
tem developed hexsin:

(1.) The tracking system is a purely passive system, i.e • ,  it pro-
cesses only 2-0 monochromatic visual iniormation resulting
from th. physics of the scene envixcciment ( although any type

of information~ containing texture should be satisfactory).

(2) Th. image processing algor i.thms will be generally non-syntac-
tic in approach , thus , according tO T~~

_£~ato [2], the system

employs “... image-driven vision...” rather than “.. . ia~owledgs—
driven vision....” This assumption greatly reduces the sys-
tsms need for extensive a priori info~~~ticn.

(3) The system algorit~~~ will be designed to make maxiai~~ use of
the potential advantages of charg. coupled. device (C~~) in—
pl.me tation. *-ile detailed explanations of the utility of
C~~ devices is considered elsewhere (3-0], basically C~~ ’ s
are pot.n~Lally useful for the following reasons ~

(i) No tia.-ccns~~ing A/D or D/A conversion would
be required ; and

(ii) Potential processing speed is predicted to

_ _  

I
- - 

~-r~~ ~~~~~~~~~~~~



8

be in excess of 50 MHz [~J .
(4) No attempt will be made to handle target re-acquisition or

video processing in cases of partial or temporary total. oc—
c].usion .

(5) The target , even in the case of complex scenes , possesses
some attributes or features which make it (automatically )

distinguishable from the background. In f act (Section 5.3) ,
it will later be assumed that the target possesses a signif-

icant amount of texture .
(6) The target is centere d in the camera FOV at the initial or

starting time (perhaps by a human operator) .

2 .4  Comparison of Proposed System with the Human Visual System (HVS )

Obviously , in developing “artificial intelligence” for an auto-

matic video tracking system, one standard of comparison should be the

human visual system (HVS). While it is clear that the overall operation

of the HVS system is not totally understood [1), certain basic princi-

ples of operation , e.g.,  several of the Gestalt laws , may provide useful

design guidelines, arid possibly may be. automated in real-time . Appar-

ently HVS operatio n is highly syntact ic in approach , i . e . ,  certain

pieces of infor mation ar e extracted from the scene , and together with a

great deal of a prior i informa ti on (“ gra mmar ” fun ctions) , perhap s ac-

quired over a span of many years , scene analysis proceeds . Two Gestalt

laws of particular importance are : (1) the Gestalt law of organization ,

which roughly says that some areas with common properties (e.g., tex-

ture , pattern) are most natur ally seen as a unit; and (2 )  the Gestalt

law of common fate , which says that “. . .if a collection of parts move in

unison , one tends to see them as a single figure... ” [1) . Researchers

have made significant use of the first law , e . g . ,  in texture edge detec-

tion, however the second principle has not received nearly as much

attention , probably because most scene analy sis has been centered on

2-D , time invariant fun ctions. It will be shown later that , for moving
targets , automation of the Gestalt law of common fate may be extremely

useful for segmentation purposes .



9

In addition , the HITS , having a biological origin , is highly adaptive ,
both in real-time , and in the long term . The automatic system under consid-
eration here should a!.~o be adaptiv e , however it is probably not possible
or practical to automate long-term adap tivity , i.e., “artificial, evolution.”

Finally , as mentioned above , the HVS utilizes an extremely large
amount of a priori information , as a result of the human learning process .
Clearly it is impractical to supply the system considered here with such a
large training set of samples , nor would it be practical to incorporate mem-
ory sufficient for this data.

- 

- 1—~~ 
- 

-



~~APTER III

S~~~~RT OF PREVIOUS ~~~~

3.1 Previous Research Efforts

Due to the extremely current nature of this subject , there are
only a handfu.]. of specific references. Perhaps the earliest wiclassi-
fLed reference is that of Moskowitz (10] in 1964. This paper outlines
the overall problem of visual target tracking , with emphasis on succes-
sive scene target registration and the effects of ge~~~tric distortion .
Two possible template-matching solutions , i.e ., correlation and m”ments ,
are suggested , and brief 1-0 examples of these methods are included.

Ti and Gr~~~~s (11] present an analysis and simulation of a video
tracking system based upon a simple centroid and second moment algo-
rithm, and have applied this concept to extremely simpl. targets and
scenes (white backgro~~d, black target , 50x50 pi~~l scene) at a sampling
rate of 60 Hz. This approach is expected to yield poor performance with
realistic targets and scenes , primarily due to the lack of an adaptive
target/backgro und separation algorithm. A similar shortcoming is found
in the simple algorithms of Milstein and Lazicky [ul , Baker and McVey
(13], Woolard and Mcvey (14], and Lubinski , et al. (15].

~~cw and ~ggaxiwai. (16], while also ass~~ing unrealistically sim-
ple targets , consider the use of velocity information to aid in template
prediction and efficient target registration . Matching invariant to
translation and rotation is achieved through the us. of area and princi-
pal axis as features , and partial occlusion is handled via a simple ye-
locity based prediction algoritba and threshold teat .

~~o, at al. (17] d evise a simple , real-time impl.mentabl. a.lgo-
rithn to recognize the shapes of simple objects moving horizontally in

the P’OV of a TV camera through a simple projection based method of fea-
ture extraction • Their work may be significant in that they establish
an object-dependent I/O function for the video image processor (V. I • P . ) .

10
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A similar function is proposed by Baker and ldcVey (13], and is used in a
simple microcomputer-based tracking system. McVey and Woolard (14 ] make
further use of this function together with a perturbation method to de-
termine the proper control signal polarity for simple image tracking.

Armstrong [9] couples a similar I/O control function with a simple
signature-based, horizontally and vertically separable , CL~~-implement-
able image processing algorithm to form a closed loop control system,
and provides a limited stability analysis for such a system.

It appears that the most current and sophisticated work in this
area is due to Flachs, at al. (18.24]. These authors propose a proto-
type real-time video tracking system which uses extensive parallel pro-
cessing to enable tracking in 5].2x512 pixel scenes at a rate of 60
frames/sec. The heart of this system is a Bayesian pixel classifier,
aided by fuzzy set logic which forms a binary picture subdivided into
the target, background and p1i~~e regions. Feature extraction is accom-
plished via binary projections. A finite-state synchronous sequential
machine is used to generate control (pointing) signals, and linear N-
point polynomial filters are used for smoothing and predicting targe t
trajectory data .

3.2 Shortcomings of Previous Efforts
The cunulative shortcomings of previous efforts are as follows:
(1) The asstm~ption of unrealistically simple scenes , and there-

fore the proposal of correspondingly simple algorithms, most
often lacking suitable target/background separation or regis-
tration algorithms This genera.Uy rules out the successful
use of these algorithms with realistic scenes 7

(2) Unsuitability for real-time operati on . Most previous work
has only considered algorithm development , and most often
simulation via Fortran progr~~~4ng . Little attempt has been
focused on the realuntime implementation of even the simplest
algorithms ;

(3) Inability of the algorithms to handle time-varying scenes ;

~~~~~~~~ .1
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(4) Inability of the system to handle targets which experience
perspective traiisfo ations, in particular rotation and dila-
tion ; and

(5) Lack of any type of a scene or target model to guide algo-
rithm development. Thia probably explains why most previous
efforts were empirically based,

_ _  

_
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~~~PTER IV

MAT~~~ATICAL FORMULATION 0? TEE VIDEO TRA~~~NG PROBL~ 4

A logical prerequisite for the development of the system tracking
algorithms discussed in ~~apter II is a consideration of the underlying
processes which produce the system time-varying camera input . There-
fore, in this chapter a general 3-0 mathematical model for constrained
scene—to-scene target motion is developed • Using this model , more pre-
cise video tracking system design goals may be formulated. In addition ,
a closed—loop block diagram for the overall multidimensional process un—
der consideration is developed.

4.1 Block Diagram and Measurement Variables
A first step in the development of a mathematical model for the

system described in Section 1,1. is the formulation of a block diagram,
and the deter’Riv~ tian of measurement and control variables. Recalling
the assumpt ion of a primary discrete-analog tracking computer , it is ob-
vious that the system will operate in discrete time , i.e •, the system
measurement and control variables will be obtained at discrete times
t ~ kT; k ~ 0 , 3., . . .N, where ~ is the temporal sampling interval.
Also , any 2-0 scene at time kT will be a spaf!~i*Ily sampled function , for

one or both of the following reasona~
(1) A C -type camera generates pixel information based upon an

NxM discret. sampling lattice; and
(2) Th. discrete ‘analog processor necessarily operates with data

at discret. instants (note that this data may be discret. in
tias or space) , therefore , .v~~ if the scene ~~re continmous
in space it would be necessary to spatially sample the inf or-
mation prior to processing . More will be said about sampling
in Section 4.3.3.

Looking at Figure 1., two points axe notsd z
(1) The positional control variables or signals (hereafter de-

noted by e acT) where
13

- —
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rea
e~kT) — ~.~OcT) (4.1—1)

Lza~
and

ea (lcT) is the camera mount azimuth control at time
kT;

~~~~ 
(kT) is the camera mount elevation control at time

and z (kT) is the camera lens zo~~ control at time (3cT) , are a
function of the measurement variables or raw video data (here-
after denoted by p (i ,kT) , the 2-0 time varying picture func-
tion ) perhaps at times (k-l)T , (k-2)T , etc.

(2 )  p(i , (k+l)T] is a function of O (kT ) as well as other
variables , especially the maneuvering target traj ectory, as

discussed in Section 4.3.2 • Thus, it should be expected that
the overall model used to represent this sytem is of the
closed—loop , feedback type.

Figure 3 shows a block diagram based upon the above reasoning.
The upper three blocks labelled “TIE Separation and Registration ,”
“Tracking Filter and Camera Mount Dynami ,“ and “Overall Control” cor-
respond to those algorithms or known constants comprising the tracking
computer . The nunbers in parenthesis in these blocks correspond to the
algorithms described in Section 2 • 2 and Figure 2 • The lower block , la-
belled “Video Process I/O Relationship,” is used to model the evolution
of the picture as a function of the camera mount controls and other in-
formation , in particular , the time—va rying scene data generat ed by the
moving target, time-vary background, etc • In addition , Figure 3 indi-
cates that the system has a tutigus feature , namely the 2-0 “link ” exist-
ing between the Video Process I/O Relationship and the Tracking Compu-
ter. . The Tracking Computer apparently can be looked upon as a feedback
controller , with the notabl e feature that it processes 2—0 data to form
1-0 contro l signals . The block corresponding to “Video Process I/O
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Tracking Computer ModelI- 
Overall I

~ Control (4) 
~ 1

I 1~ 1~ 
I

1 
~ I TIB Sep . .nd JFiltering and Genera~~on of 9 (~~)Registration (1),(2) \ 1

Camera Control Signals (3)

L — — — — — —— — — ..._\_ — — —— J Camera
\ C u rren t (Absolute or Relative ) Con t rol

Ta rget Positional Estimate gna $

• 
PU;:!; : ~~~~eo Pr~~ess 

~~~~~~~~~ jCS

4 Camera Mount and
Zoom Lens Pr~sitions
at time t kT.

2—D
Time—Varying
Input

Multidimensional Process

Scaler or Vector ___________

l—D Process

Figure 3. Basic Closed Loop System Model
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Mlat.th~mhip” is then the ~plant ,” which has an external. 2-D (uncontrol-
lable) input , in addition to the camera mount control, inputs.

Obviously , a pre requisit. for dasign of this controller is the de-
vslopment of a suitable mathematical model of the plant. As shown in

the following sections , this is a non-trivial task , and , as expected ,
the resulting controller structure is closely related to the chosen mod-
el compl exity.

4.2 Two Coordinate Systems
The target ~~-~“ nsions and coord inate values in the target (physi-

cal) coordinate system will, differ appre~~ably from those of the target
image in the eamera sensor coordinates . This difference is a function
of the camera lens focal length , the distance of the sensor from the
lens, and the lens-target distance and orientation, While a detailed
description of this situation is given in Duda and 3axt (25], a brief
review is given here a.s a prerequisite for future work.

Assimsing that the origins of both the 2-0 sensor coordinates and
the 2-0 target coordinates are along the optical axis , that the lens-
target distance along this axis is known and neglect ing the sign inver-
sions due to the (assuned simple) lens , it is easy to show that ,

1 1
j X ~~~~~~ ’X T (4 .2— 1)

where

~~ is the location of a point in target coord inates ;
x is the corresponding point location in th. sensor

coórdinat.s ;
z is the c ra-taxget distance ; and

f is the sensor-lens distance .
Thus , in th. sensor plane

(4. 2—2 )

or

x — X~jx~ (4.2—3)
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Typically , Xd is very small , e.g., for
f 50 mm

z — 100 m

5x10 ’4

The preceding is importan t for two reasons :
(1) If IC.d changes due to a change in z , for a fixed sensor spa-

tial sampling rate , it may be necessary to adj ust Kd via f
( zoom lens control ) in orde r to maintain proper spatial res-

olution ; and
(2) The tracking algorithms to be developed will estimate target

translation in sensor units , therefore , in designing the cam-
era mount controls , it is necessary to convert this informa-

tion into physical units (Section 5 . 4 . 7 ) .

For the remainder of this work , unless otherwise noted , all van-
I’ ab].es will be referre d to in the sensor coordinates.

4.3 Model Development

In the following section s , models for the static scene and scene-

to-scene temporal evolution based upon the characteristic function and

time — varying af fine transform are presented. In the context of these

models , the video tracking problem may then be stated as a (time-vary-
ing) affine transform parameter estimation problem.

4 .3.1  Basic (Cont inuous) Scene Mode]. Formulation (2-D)

Following the approach of Nahi [26], it may be shown that (for the

case of only one target ) the scene may be modelled as follows :

p( x;t) — f ( x ; t ) A ( x ; t )  + [ l’X(x; t ) ]b (x;t ) (4 .3 .1 — 1)

where the following 3—0 fun ctions are define d as

p( x;t )  picture fun ction intensity at sensor location x and time t

b (x ; t )  backgro und function intensity at sensor location x and

time t

f (x;t) target textural function intensity at sensor location x

and time t

and
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A Cx ; t) g scene characteristic or replacement function value at
seesor location x and time t, where , at time t

r’v ~ where target exists in scans
X(x ;t) —4~~ 0 elsewhere

Thus , A(x ; t) is the binary valued function which , by “turning on”
and “tur’~ ing of f” the target and background functions, respectively ,
gives the target its outLine • A simple example of scene modelling, us-
ing the above concepts , is shown in Figure 4~ Several points should be
noted :

(1.) Th. scene model. is in general a non-linear equation ; and
(2) The estimation of A Cx ;t) , in a complex scene , is

a very difficult problem.
Several. other useful definitions are :

s(x ;t) f(x ;t) A(x ;t) (4.3. l—2a )
fl(x; t) ~~ (l—A (x;t) ]b(x;t) (4.3.l. —2b)

so that

p(x ;t) s(x ;t) + n(x ;t) (4.3 .1—2c)

Clearly , s(x çt) is the functio n that is to be tracked over the time in-
terval , of interest .

4.3.2 Continuous Scene Temporal Evolution and 3-0 Model.
The &ffin transfo rm is described in Appendix - (1) . For the re-

mainder of this work, it will be assimied that target perturbations will
be restricted to those which can be modelled using a time-varying two-
&44-~.~ eion*l af fine transform (further restri ctions axe made in Section
5.4 • 4.2) . This means that target motion is constra ined to be observed
as a.ffine motion in the plane perpendicular to the optical axis , motion
along the optical axis (dilation) and translation in the plane perpendic-
ular to this axis . Clearly , this does not limit target motion to 2—0 ,
since an object moving simultaneou sly to the right and towards the cam-
era may be thought of as experiencing both dilation and translation.
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(a) f(x)

(b) b(x)

~~~~~~~~~~~~ x.0

(c) ] (z)

(d) p (z)

Figure 4 Basic Scene Formulation Using Model

- - —-a
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However , perturbation s such as “ roll” of a target whose major axi s is in

the plan e perpendicular to the optical axis would be prohibited . Ease-
ment of these re stricti ons and extensions of the model are discussed in

Section 4 . 3 . 4 .

In the continuous (space and time ) case , with the above restric-

tions, the target “outline ” , A , must be perturbed in the same manner as

the textural fun ction , f , therefore the target function evolves tempor-

ally as

s(x;t2) — s [A (~ t , t~ )x  + b(~t ,t1);t1 ] (4.3.2—1)

— f (Ax+b ;t 1) ’A (Ax+b; t ] .)
where

1~It ~ t2~t1and A
A ~ A (~t ,t1)and
b b(~~t , t 1) ( 4 . 3 . 2— 2 )

are the time-varyin g affine transform parameter matrix and vector re-

spective iy.
At this point also ass*.ine that the background function , b , is on ly

slowly time varying , thus over a period of several temporal samples it
is approximately constant , i.e . ,

b ( x;t 1) b (x ; t l) I  for t 2—t 1 “ small” (this is covered in more
detail in Section 5 . 4 . 6 . 2 )

and therefore

n (x;t2) [ 1— A (x ; t 2 ) ]  b(x;t 2 ) (4.3.2—3)

= [1 ’X (Ax+b;t 1) ]  b(x,t l )

Thus , n is only affected by changes in A.

The overall scene temporal evolut .~on may then be written as

or 

[p(x;t 2) — f (Ax+b;t 1) X ( P , x#b;t 1) + i 1_X(Az+b;t l) 1b (x ;t l’j

p( x;t 2) s (Ax+b;t 1] + ( 1 — A ( x ; t 2 ) ] b (x , t i ) ( 4 . 3 . 2 — 4 )

A block diagram of target temporal evolution for two successive

scenes is shown in Figure 5.
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s(x ;t 1)
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Figure 5 Constrained Scene Ter~r nor a 1 Evolution
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It is worthwhile to note in (4.3.2-4) that the independent variables
are x and t. The resulting scene at t = t2 is then a function of A(t ) ,
b (t) , and p(x ,t1) .  Thus , A(t) and b (t) are used in this model to control
the relative position , size and orientation of the target in successive
scenes . In general , th ese para meters will be functions of both the camera
mount contro ls and the target trajectory . As shown in the following Sec-
tions , a method for the estimation of these parameters forms the basis of
the tracking computer.

4.3.3 Modifications Due to Sampling
and Discrete 3-D Model Formulation

While the prec~~~~g model was developed in continuous time and space ,
it is appar ent , from Section 4. 1 , that a discrete time and space model
is needed . Fortunately , the conversion of the previously developed model
to discrete par ameters is very simple and straightforward . It is only nec-
essary to assume that the 3—D continuous picture funciton p (x ,t) is sampled
spatially and temporally by a “3-D sampler , ” i . e. ,  an ideal 3-D impulse
function of the form

~ tx—i, t—kT ) ( 4 . 3 . 3 — 1 )
where

= 

[
cl1 x1, x2~ R
x2J (4.3.3—2)

= i ,j c  I

~ is the spatial sampling interval (assume d equal in the

horizo ntal ar id vertical directions ) and

T is the temporal sampling interval , yielding

p*(j;kT) ~ ~ p(x;t)~~(x—i ,t-kT) (4•3.3 3)
i=— .=j~ —=k=— .o

The mathematical considera tion s and approxi mations ~.nvo1ved in such

a formulation are analogous to the well-known l-D case , e.g. , we assume

that the discrete-analog tracking computer incorporates a ( 3—D ) zero—orde r

hold device .

Thus , at t he output of the ZOH we have the sampled picture function

p C i ;  kT) , and the corresponding 3-D discrete mode l temporal evolution may
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simpl y be obta ined fràm (4 .3.2—4) as:

p(i; (k+l)Tj — f(A(kT) i+b (kT) ;kT] X[A (kT)i4b (kT);k’z)
+ (l~x [A O )i+bU~T)~~kT~~(i ;kT) ( 4 . 3 . 3 4)

In the following sections it wiLl often be useful to switch be-

tween the discrete and continuous model. formulations , and , in the context
of th. model developed here , this will. not result in any mathematical or
practical difficulties . It should be noted , however , that in general,
many digital picture processing operations are not “reversible” in the

sense that conversion between the discrete and continuou s models and/or
parameters is straightforward, or even possible. An excellent example of
this is the attempted correcti on of a discretized picture which has un-
dergone perspective distortion Cc. f. (1]),

F1~n~a1 I-y, the effects of the sampling parameters ~ and T, with re-
spect to Fourier sampling constraints , derivative estimation , and the va-
Lidity of Taylor series appromim~tions are discussed in Sections 5 , 4 , 6 • 1
and 5 . 4 . 6 . 2 .

4 . 3  • 4 Limitations and ~ ctensions of Model
While many of the constraints and assumptions associated with the

previ ously developed model are not overly restrictive , it is likely that

once successful solutions based upon this model have been developed ,

these restrictions will be gradually eased and new solutions (hopef ully )
found , until the final model adequately represen ts a very wide class of

real-world situations. For this reason , some obvious extensions of this
model. are presented.

As mentioned in Section 5.4 • 4 • 2 , whenever A does not represent
strictly rotation and/or dilation, the target is actually being observed
throi~~h a different viewing angle . Practica.Uy, it should also be cx’
pect.d that new target features should appear , particularly around the
target edges. ~~e possible way to update the model (4 .3 .3—4 ) to handle
this information might be to model it as an additional function , e.g.

p[i; (k+l)T] — (f(.A (kT ) i+b (kT) . kT)+e (kT) ]I 1A( A (kT) i+b (kT); kTJ 
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+ [l— A ( A ( k T )j + b (kT ) ;kT J b ( i ;kT ) ( 4 . 3 . 4 — 1 )

where e (kT) is primarily ~edge oriented. ”

Closely associated with the above extension is that of handling
“ roll” of a target whose major axi s is in a plane perpendicular to the

optical axis . In this case it should be noted that the assumption in

( 4 .3 .2 -1 )  is no longer valid , i.e., A is no longe r pertur bed in the same

manner as f. In fact only f is perturbed in this case , and the scene tem-

poral evolution model will need to be adjusted accordingly .

The model may be adapted to handle multiple targets ~y de fining

multiple target and characteristic functions , e.g., f1, f2 and ~~, A 2 .
If these targets are allowed to overlap ( i . e . ,  pass in front of one an-

other in the FOV ) it will be necessary to prioritize the Ai functions , in

orde r to insure that at any scene poi.nt only one Xj is non-zero. Also

note that this adaptation permits the handling of occlusion .

Another important modification of the model might be to permit

time-varying scene illumination or brightness variations. This may be

accomplished in a rather straightforward manner by simply multip lying the
target and background functions by suitable time-varying constants .

4.4 Review of Previous efforts Using Mode l

The vast ma j ority of the previously cited research ignores the

scene-to—scene temporal link modelled in Section 4 . 3 . 2 , and discussed in
Sect ion 5.1.  In the context of the model developed in Section 4.3 .1 and
the references cited in 3.1 , some approaches have been (with temporal in-

dices omitted for simplicity) :

Cl) Assume b (x)  = 0 V x so that essentially an all-white (or
black ) background is present and therefore a T/B separation

algorithm is not necessary . Then use simple algorithms to es-

timate the centroid of s (x) . (e .g . ,  Yi and Grommes [ i ll,
Baker /McVe y [13) ,  Woo].ard/Mc Vey [14], tjno [17]).

(2) Edge detection for T/B separation : Constrain f (x) and b (x)

and estimate spatial derivative s by differentiation of equation 



25

(4.3. 1—1) in both the horizontal and vertical directions as
follows :

— A Cx) + f Cx) — b Cx) + fl—A (x) 1
3b ( )

(4.4— 1)
— X(x) (

~~~~1— + ~~~~ (f ( )—b (i) ] + 3b (~S)

where j — 1,2 (4.4—2)

Then asst~~ that both the target and backgroi~id have very Little
texture (see Section 5 • 2) and that the maj or abrupt changes in pixel in-
tensity in the scenes are due to the target edges. Thus ,

o Yx
~xj  -

~xj
_ o  Y~

which leads to

f ( x) -b (x) IC Vx

so, that ( 4 . 4 —1)  becomes

_____ - ~A ( ~ ) x (4 4— 3)

Thus, spatial deriva tives are estimated (perhaps by a simple dif-
ference equation) and it is assumed that ~~‘ s where ( is ~iarge”
are points on th . target edge. It should be obyioua that if the preced-
ing assumptions are not valid (e.g. , in realistic or complex scenes) ,
that it will be very difficult to estimate the target contour (e.g. ,
~~ow/Aggarwa1. (16)) .

(3) Thresholding for T/B separation :
Assume

E(f(x)}~K1

K1>E(b (x) 
~~~~
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Then design a pixel classifier such that ;
x~ is a target pixel if

is a background. pixel otherwise .
This approa ch is also questionable in realisti c scenes , since
it is likely that both the target and background functions
will. have significant intensity variations, and therefo re , if
this approach is taken, the resulting segmented scene will.
have “measles ” [1] .

(4) Statistical segmentation : Assume that f Cx) and b Cx) may be
distinguishable by some statistical test (variance , pdf esti-
mate~ etc . ) ,  Then , using this , test , classify pixels, or
groups of pixels , as either ori ginating in f(x) or b (x) (e.g. ,
Flachs [18—24]; “texture” edge detection).

~~ stm~~ ry, approache s (1-3) are of very limited use in typical
scenes , and the accuracy and efficient implementation of (4) is question-
able .

4.5 Problem Statement Using Mode l
Assumption 6 in Section 2 • 3 assumed that the target is centered in

the camera FOV (perhaps by a human operator) at t — kT 0. Therefore ,
using the prev iously developed model , and assuming that the effect on the
scene due to camera mount controls is known (this is addressed in Section
5 .4 .7 ) , ( 4 . 3 . 3 — 4 )  indicate s that any sequence o f) !  scenes ,

(p (i~3cT)}; k — 1,2, • .

is related by a sequence of 614 af fine parameter variables A(kT) , b(kT) ;
k — 1,2 ,. . .14.

Recall from Appendix 1 that b (k~) represents the targ et transla-
tion during the k~bh sampling interval (i .e • ,  the period from t — kT to
t — (k+l)T) . If b(k~r) were known over the range of k of interest , the
trac kin g problem would be simplified considerably , since this data could
be combined with other (assumed) known system parameters (Section 5 .4 .7)
to generate e~ (kT) and 9e (kT) over this interval. Similarly , if A (kT )
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were also known , the formulation of z (kT) woul d be simple . These para-
meters are not known , however ; therefo re the basic image tracking prob-
lem may be stated as:

Given p ( i ; O )  and the M succeeding scene s , p ( i;kT) ;
k = 1,2 , .  . .M , generate “good ” estimates of A(kT)
and b (kT) ; k = 1,2 , .  . .M , and use these estimates

to form e (kT) ; k = 1,2 ,. . .M , such that the targ et
tends to remain centered in the camera FOV , and (pe r-
haps ) approximately the same overall size .

Thus, the algorithms for the estimation of A(kT ) and b (kT) form
H the basis of the tracking computer. A composit e mode l for the overall

vide o tracking problem is shown in Fi gure 6. While there probably exist
a large number of possible solutions , the majority of the remainde r of
this work involves the novel solution of this problem using data samples

from two successive scenes and an assumption concerning scene-to—scene

temporal dependence . This solution has some very important and desirabler properties , in particular , the potential for real-time operation and
relatively simple CCD implementation . Alternate solutions based upon
this model are discussed in Chapter VII .

_ _  

I
- e- - -
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~ APrzR V

DZVELOP~WNT OF I’ER TAYLOR SERIES
V~~EO IMAGE PROCESSOR (TSVXP) ALGORIT~4

This chapter presents a novel and tdeally C~~”imp1ementabls solu’.
tion to the video tracking problem as posed in Section 4 • 5. By assuming
a sufficiently fast system temporal sampling rate , it is shown that the
scene-to-scene temporal evolution modelled in Section 4,3 • 3 may be ap-
proximated using a Linear model • C~~ implementahie estimation algorithms
are then developed for this model. to provide estimates of target trans].a-
tion , rotation and dilation ,

5.]. Scene Temporal Dependence, Temporal. ~amp1iag Rate and
AJ.gorithm Complexity, and T~~~/Space Computational. Trade .Offs

The 3-0 model developed in the previous section clearly shows the
scene-to-scene temporal. dependence expected when viewing a moving target.
It is expected that as the temporal sampling rate increases , this scene-
to—scene temporal dependence also increases , i.e., as T -

~~ 0 there is very
littl, change in successive scenes , Conversely , for a relatively large
temporal sampling interval, T, it is expected that consecutiv e scenes
would have relatively littl, information in co~~on , and therefore the
problems of extracting target features invariant to expected affin. per-
turbations and the estimati on of these perturi~aeions become significa~t~y
more difficult , and lead to increasingly complicated algorithms. There-
for., if T may be chasen ‘uffici.ntly “~~ aU” (this is defined more pre-
ciasl.y in Sectace 5.4.6,2) , the above r.aacatng may be employed to design
a set of efficient and accurate tracking algorithm., hereafter referred
to as the Taylor Series Video Image Processo r (TSVIP) algorithms .

The concep t of system time/space computational tradeo ffs is also
noteworthy , As described in Blaauw [27) , the total system cost to
achieve specified da ta pro cessing is a function of “time ” and “space , ”
where “tim.” is expresse d as a function of the delay times of the physi~a].

~~~ 
—. - - 

~~~~~~~~~~~~~~~~~
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components that realize the desir ed logic function , and “ space ” refers
to the number of physical components employed. For the system consid-

ered here , it is clearly desirable to minimize the tempora l cost , in or-

der to achieve real-time operation , therefore it will be assumed that
the spatial cost of the system ( i . e . ,  the number of components per IC

chip and the total n umber of chips) is relatively insignificant. Thus ,

the system should be designed to operate with a tempora l sampling rate

sufficiently high to enabl e real-time operation , and make maximum use of
computational complexity in “space . ” The TSVIP algorithms to be pre-
sented make significant use of parallel processing , and also inherently
enable temporally efficient “pipelining , ” since smapled information from

the present scene may be processed while the next scene is being sampled
simultaneously.

~f f X )  T
5 .2  Target Texture Definition and Relationship to

Image “text ure ” is a perceptual phenomenon . Often this term has
been used to denote some particular ad-hoc measure of the spatial vari-
ations in light intensity of an image , e.g., a. standard bar pattern would

be thought of as a highly textured pattern . This research views texture

from a more mathematical point of view , particularly when considering
target texture . By de finition , the textured target function is repre—

~ f (x. t )
sented by f(x;t) , where 

~~~~
‘ is nonzero for some set of xk ’s , and

for all t of interest. Thus , the greater the value of ct)
H at a

particular ~c , and the larger the set of xk ’ s where this derivativ e-based
function is nonzero , the more “textured” the target is said to be. Tex-
ture is thus a target spatial feature . Equi valently , a target is tex-
tured if the 2-D function

‘
~~ 

[f(x ;t)1t~t~ ~ F ( u ) J ~~~~~ ( 5 .2—1)

has nonzero components at spatial frequen cies other than u = 0.
Texture has been shown to be very useful for scene segmentation ,

howeve r , in the work which follows it will be shown that target texture
may also be used to aid tracking algorithms . Thus , it is necessary t3
assume that the target of interest is textured (perh aps even after fil-
tering and preprocessing) . This is not an overly restri ctive assump-
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tion , however , for two reas ons :

(1) Most complex targets of interest exhibit this feature ; and
(2) The class of text ureless targets , which is typically assumed

in previous research , enables much simpler processing algo-

ri thms for both segmentation and reg istration , there fore they
are not of interest in the pres ent work .

5 . 3  Taylor Series Expansion of Mode l

and Correspon ding Scene Tempora l Evolution

In the following two sections the scene temporal evolution model

(4 .3 .3 -4)  is approximated using a truncated Taylor series expansion . By

restricting the tracking processor input to data from the target inter-
ior (temporarily assuming T/B separation has been accomplished) , the
model may be simplified even further , and this simplification enables

the af fine parameter estimation technique s of Section 5 .4 .

5 . 3 . 1  Direct ~ppr oxiznation for Small A, ~
Recall the assumption that

b (x;t 1) b (x; t 2) for t 2—t 1 “small. ” Also note from the for—

inulation of scene evolution in ( 4 . 3 . 2 — 4 )  that temporal changes in f and

A are only due to the time varying A and b parameters , therefore

~f(X .t) 3 (X.t)
= ‘~~~~~ 0 Yx an d vt

We can expand s(x; t 2 ) and A (x ; t 2 ) about x and keep only the first order
terms . Droppin g the temporal indices for simplicity :

as (X) 1’ 35 (X) Ts (Ax+b) ~~~~~ + + (— s—- —) b ( 5 .3 . 1—1 )

as (x’ 
______s (x) + ~~~~~~~~~~~~~~~~~~ ~Ax + ( -- - ax -

where ~A(~t,t1) A(~t ,t1) -I (5.3.1—2)

clearly A(O,t) I

and b(0,t) 0
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so that

~A (0 , t) = 0 .

Similarly

aA (X) T 3A ( x)X (Ax+b) X (x) + ~ + ( 5 . 3 . 1 — 3 )

Two remarks are in order :
(1) Clearly the above equations are only valid for (A-I) x+b

“small. ” This will be addressed in Section 5 . 4 . 6 . 2 ;  and
(2) Due to the bina ry nature of A (x ; t ) , some modification (s) will

be necessa ry to handle (f1) T . As will be shown later , this is

not a serious problem. -

Thus, with the above assumptions , it is easy to show that the total scene
evolves from (4.3.2-1) as:

p ( x;t ~ ) s -(x;t 1) .4.

+ b(x;t1)[1-A (x;t1) - (~~~~~
t
~~ ) T ( AAx+b) ] (5.3.1-4)

Recalling s = f A , expanding [39~~~~;~~1)]T yields

p(x;t 2 ) f (x;t1)A (x ;t 1) + [(3f~~
7tl))

T
A (x;tl)

+ f(x ; tl ) (~~~~~ t1) ) T
] (Mx+b)

+ b(x ;tj)[l-A(x ;t1) ) - b (x;tl)(~~~~~ t1))T (~Ax+b) ( 5 . 3 . 1 - 5 )

so there are 3 prima ry scene regions:
(1) A = 1; (~~~) = Q (Interior of target)

(2) A 0; (.
~~

) = 0 (Background)

(3 )  A = 0 or 1; (~~) “large” ( Target contour)

For the remainde r of the discussion in this section , assume the
system is only operating on points where A = 1 and ~~~~~ = 0. Thus, only
target texture points are being considered and the segmentation probl em
temporarily is assume d solved. The topic of segmentation is covered in
detai l in Section 5 . 4 . 5 .  The T/B separation algorithm provi des an esti-

~ IlIUL u~~~~~~
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mate of p (x;t ) for A(x; t )  = 1 ( i . e . ,  f ( ~~;t) on the target interior ) . De-
note this estimate by p5 (x;t ) where p5 (x;t) = p (x ; t )  Yx where A(x ; t )  = 1.

The remaining system is therefore “nearsighted” in that it operates

strictly on points in the interior of the target .

Now define the scene difference fun ction based upon targe t tex-

tural points as:

d (x; t ~ ) ~ p5 (x;t 2 ) — p5 (x;t 1) ( 5 . 3 . 1_ 6 ) I

Recalling past assumptions , it is easy to show that :

(~~~
(
~~;t 1) ) T

[~A (~ t t l ) X  + b (~t ,t1)] Vxc {R~} (5.3.1-7)1
where {a

~} is the set of all points on the interior of both the original
and perturbed targets .

Remark--This probably seems obvious intuitively , however the preceding

work is useful in that it enables handling the more general case , i . e . ,
we can study the effect of inexac t segmentation on the algorithms to be
deve loped (Section 5 . 4 . 6 . 3 ) .

If (5 .3 .1 -7 )  holds , then a very nebulous 3-D problem may be reduced

to one of l-D (time-va rying) parameter estimation . A note should be made
that , while the preceding derivation s were for the continuous , thes€
ideas also apply to the discretized version , as explained in Section

4.3.3. Before proceeding to estimation considerations, it is useful to

conside r model temporal evolution fr om a different (but equivalent ) point
of view .

5 . 3 . 2  rjsing the Scene Temporal Differential Equation

and Difference Approximations

Recall , from (4 .3 .2 -1)  that , for the target textural function alone
( i . e . ,  where A ( x ; t )  = 1)

f(x;t2) f [A(t 2—t1, t1)x + b(t2 —t 1, t1) ;t 1] ( 5 . 3 . 2 — 1 )

Expanding ( 5 .3 . 2 - 1)  in a Taylor Series expansion and retaining only the
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linear terms yields (temporal indices are understood ) :

3f (x) T
f(Ax+b) f~~ + ) (~Ax+b)

so

3f (~~•t ) T
f (x ; t 2 ) — f(x;t1) = ( 

~ 
~~~ ~~~~~~~~~ + b(~ t ,t1)] (5 .3 .2 — 4 )

By definition
d f (~~;t 1) ~ u r n  {f ( . . ; t)) 

— f ( ~S;ti)
dt t~t

1’ ( 3f(
~Lt 1) ) T (A (~ t ,tl)...I) x + b(~t ,t 1))

= 
x ( 5 3 2 — 5 )

Obviously (5.3.2-5) goes to 0/0 in the limit , so we can apply L’Hospital ’ s
rule , yielding :

d f ( ~ ;t) 
= ~~~~~~~~~~~~~~

!:V
~~~~~~t 

dA(T) 
x + ~~~ t)

1 (5 .3 .2 — 6 )

Equation ( 5 .3 . 2 - 6)  clearly shows that target textural function tem-
poral and spatia l evolut ion are linked , the “link ” being the temporal
partial derivat ives of the af fine transform parameters . It is this link
or dependen ce which has been ignore d in past effor t s , and which , when
carefully exploited , leads to the novel tracking algorithms presented in
this work. Thus , in the context of the previously developed model, scene

3A(t )  3~ ( t)  
______temporal evolution is governed by 

‘ 
and ~ ~ 

—]
Furthermore , it is easy to show that ( 5 . 3 . 2 - 6 )  also leads to

( 5 .3 .1 -7 ) , by approximating deriva tive s in ( 5 . 3 .2 - 6 )  as differentia ls :

t~f ( ~~;t+ t~T) ( 3f (~S; t) ) T 1~A (t )  
~ + 

1~~(t ) 
( 5 .3  2— 7)-

Multi plying by ~t , recalling

= t2-t l

and

_-~
V
~~~ ~~~~~~~~~~~~~~~~~~~~~- ~-~~- , -, ~~~~~~ -

- ~~~~~~~~~~~~~~~~~~~~~ ~.
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A A ( L ~t , t 1) A L ~t , t j ) — A ( o , t 1)
= AC ~t , t 1) - I

and defining

— b(~ t ,t1) — b (o ,t1)
= b (~.t ,t1)

we see that
3f (X .t1) T

~f ( x;t 2 ) = ( 
3 

) [( A ( i ~t ,t1) I) x + b(~t,t1)] ( 5 . 3 . 2 — 8 )

and from ( 5 . 3 . 1 - 6 ) ,  since we are only considering the reg ion where ~ = 1,

d(~~;t2)  = d (x; t 1+i~t )

= f(x ; t 1+~ t) — f(x ; t 1) ( 5 . 3 . 2 — 9 )

~~f (x;t 1+i~t)

then , using ( 5 . 3 . 2 — 8 ) ,

3f (X .t ) Td ( x;t 2 ) = ( 1 [( A ( ~ t , t 1) — I ) x + b(~ t ,t1)J (5.3.2—10)

which is identical to the previously derive d ( 5 . 3 . 1 -7 )  for all points on
the target interior .

5.4 Reduction to 1-D Mode l and Solution Approaches

In this section , the 3—D model of Section 5.3 is reduced to a l-D
model , and it is shown that the video tracking pro blem may be cast as a
time -varying affine transform parameter vector estimation problem . Sev-
eral possible solution app roa ches are then presented , in particular , one
CCD-implementa ble solution based upon the formation of a pseudoinverse of
an Nx4 partitiona ]. matrix is discussed in detai l.

5 .4 . 1  Scene Difference Function with Assumed Segmented Scene,
Reduction to 1-I) Problem and Statistical Sampling

Recall ( 5 . 3 . 1— 6 ) , i . e . ,

d (x; t 2 ) ps(x ;t 2 ) — p5 (x;t 1) ( 5 . 4 . 1— 1 )

In the actual discrete time system , d ( x;t 2 ) is not measured , but 

— ~~~~~~~~~~~~~~~~~~~ .-T~T - 
V~ * -~ — I - r~~~~~~~~~~~— - -

* - - - 
V . 

- - -
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rather the sampled version of this functi on , i . e . ,  d ( i ; ( k + l ) T )  (Section

4 . 3 . 3 ) . This scene difference function may then be “ re—sampled ’ (in a

statist ical sense); yielding an Nxl l-D vector , hereafter denoted 3S

d((k+l)T) or more simply d in the remainin g discussion . Thus ,

d ((k+l)T) = [d(xj ; (k+1)T) ] (5.4.1—2)

~there

r.xill
= I i=1, 2 , . . . ,N ( 5 . 4 . 1 —3 )

~~i2J

is the vector x at the ith sampling point. An important point here is

that the x1 s need not be consecutive , i.e., with some limitations , sam-
ples in both the horizontal and vertical directions may be skipped since

eventually an overdetermined set of linear equations will be formulated

and therefore only a set of N “good” statistical samples is necessary .

5.4.2 Matrix Formulation

Defining

Eau. (kT ) a1~ (kT fl
~A (kT) = I ( 5 . 4 . 2 — 1 )

~~2 1 (kT) a22 (kT)J

and

1~i (kT)1
b (kT) = I ( 5 . 4 . 2 — 2 )

Lb2 (kT)J

and making the following additional definitions

3f(Xi .kT) T
= [ff1 ff2 ] (5.4.2—3a)

and
a11 (kT) r (5 .4 .2 — 3 b )

a]~ (kT )
ap (kT)

a2 1 (kT)
a (k T) ~- a22 (kT )

b1 (kT ) b (kT )
b2 (kT) -
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( 5 . 3 .1—7) , (5,4, 1-2) and (5, 4 . 1—3) and th, abov, equations may be used
to show (droç~ing the temporal. index for simpli city) ;

d Cxj) — Ix~1f~~ xj2f~~ xj~f~~ xj~f 1~~ f j’~ f j~
’
] a11

a12
a21
a22

b1
b2

(5,4.2—4)

In conaid.ring the ~I samples , the foilowing matrix equation is obtained ;

d 
~~~~ 

Xii f~~ Xi2 f~~ xj~~fj2 x12f~2 f~~ a11
d(x 2 ) x21f21 ~c22t21~ x21f~2 z22f 22 f~ f~2 a12
. a21

— a22 ( 5 .4 .2—5)

X~~~fHj xN2 f~ij~ XN1f N2 XN2 f N2 DM1. ~N2

Written more compactly , (5.4.2—5 ) yields :

d [(k+1)T] — D(k~
r) a (kT) ] (5 .4 .2 —6 )

where d is L~zl , D is Nx6 and a is 6x1.

Pox future purposes it is also convenient to partition D , yielding

— (p G] (5.4 .2— 7)

where , fron (5 , 4 , 2-5) , G is an Mx2 matrix of unweighted spatial deriva-
t.iv.s , and P is an Nx4 matrix of weighted spatial derivatives, all, eval-
uated at t — kT, It is ass~~~~d that the elements of G and P are ~~own
(or calculable ) and more will, be said about this in Section 5, 4.6 ,1.

C.— -
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5 . 4 . 3  The Basic Estimation Problem

Befo re making a general statement concerning ( 5 . 4 . 2 — 6 ) , it is de-

sirable to formulate some objectives.

Recall that a (kT) was defined in (5.4.2—3) as:

-a u (kT )

a12 (kT )
a~ (kT )

a21 (kT )
a (kT) = = ( 5 . 4 . 3 — 1 )
- a22 (kT ) 

—

b1(kT ) b (kT )
b2 (kT) !

The video image processing system may be interesting in estimating

the translational vector , ~ (kT ) , i . e . ,  the last two elements of a , but

a knowledge of the entire 4 (kT ) vector may also be useful , for several

reasons :

(1) If the system experiencRs dilation , it may be highly desirable

to adjust the camera zoom lens control and a good control sig-

nal could be derived from ap ; and

(2) An estimate of the entire a vector stay also be used to update

the system segmentation algorithm to insure only target inter-

ior textural points are samp led (Section 5 .4 .5 . 1) .

Thus there are several different  approaches which could be taken at the

present time :

Cl ) Given ( 5 . 4 . 2 — 6 ) ,  generate a “good ” esti mate of a (kT ) , with no

constraints on ~A (kT ) othe r than those necessary to ensure the

Taylor series expansion holds . This approach is covered in

Section 5.4.5.1;

(2) Given (5.4.2-6) , generate a “good” estimate of only b(kT).

This topic is covered in Sections 5.4.4.3 and 5.4.4.4;

(3) Given (5.4.2-6) , constrain the ~A(kT) parameters in such a way

that a (kT) is reduced to a 4x1 vector , and then generate a

good estimate of this vector . This approach is covered in
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Sections 5. 4.4 ,2 and 5,4.4.3.

~~e- feature is cr~~~m to all three of these approaches, namely
that each of these solutions may be formulated as a Linear least-squares
estimation problem lead.th~ to the computation of a matrix peeudoinverse ,
Therefore a s~~~ary of least-s quares estimation principles is given in
Appendix (3) , and an overview of matrix pseudoinverse formulation tech-
niques is given in Appendix (4).

~~a further point should be noted. From (5.3.1-2 ) and (5.4.2- 1) it
is obvious that the parameters of ap do not correspond directly to the
a.f fine - transform parameters , but rather must be adjusted due to the fact
that

A—I (5 . 4 . 3 — 2 )

This presents no prob lem , however since we may simply adjust the a~ es-
timates by a known amount, according to (5 , 4 • 3 — 2 ) ,

5.4.4.1 Direct Solution of the Normal E tiatj .ons
Looking at (5.4.2-6) , it is clear that one straightforward approach

is to form a Mazkov estimate of a (kT), by form ing the pseudoinverse of D ,
based on a Q norm (for minim~mz variance) , as follows :

— (D1’QDY’lDTQd[ (k + l )T]

or ( 5.4.4,1.-].)

D~~~[(k+l)T]

The most obvious obj ection to this approach is that the calculation of
“~~ requires th. inversion of a 6x6 matrix (or equivalently the so-

1.ution of the six corresponding normal equations ) , This task is not dif-
ficui.t using a digital sainic~~puter, but may be formidabl, if restricted
to a dedicated C~~ discrete analog processor , as explained in Appendix 4.
S • 4 ,4 ,2 Modified Direct Approach via Affine Transform Constraints

The previous section indicated that the general solution for a ,
where A was unconstrained (except in the sense that the Taylor Series ap-
proximation must hold) , required the inversion of a 6x6 matrix (or the

-

~

.

~

.-*- V. V•~~~~~ -
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corresponding solution to the six normal equations). However , in the con-

text of the previously developed model , and in light of the computational

difficulty encountered otherwise , it appears advantageous to further con-

strain the parameters of the A matrix.

Referring to Appendix 1, it should be noted that nonzero off-dJ.ag-

onal terms in A , unless they represent rotation , actually correspond to

a change of perspective , e.g. , a slightly different viewing angle. A lit- 
V

tle physical reasoning would show that , for a 3-D (in the spatial sense)

target, such a change might not only change the textural function , but

also introduce new features (e . g . ,  previously unobservable points on the

target , particularly around the edges), which would not be adequately rep-

resented by the model from Section 4.3.2. This situation obviously would

not occur , however , if A were constrained to cause only rotation about

the optical axis , dilation , or a combination of both , i .e.  if

Ad = ( 5 . 4 . 4 . 2 — l a )
Lo

Ar = 

~~~ 
sin1~~ (5 .4 .4 .2 - ib)

~~~ 
cosQj

or
[cosO -sin~ J

Ac = AdAr A~ Ad = (5 .4 . 4 .2 - ic )
winO cosoj

Defining

Eci c21

~Ac 
= A0 I ( 5 . 4 .4 . 2 2 )

Lc2
(5.4.2-4) may be rewritten as:

d(x ~ ) = [( x ~~1fj 1+ x~~2 f~~2 ) (x~~1f j 2 -x~~2 f j 1)  f~1f~ 2 ] ~~
C2

b2
( 5 . 4 . 4 . 2 — 3 )
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It is useful to define a new vector , the constrained homogeneous af fine V

parameter vector , 
~~~ 

as

1 (5 .4 .4 .2—4)
c2

Note that the subscript c is used here and in the following to denote “ com-

pacted” or reduced dimension vectors and matrices resulting from the pre-

vious restrictions , and that the above vector provides all the information

required to compute target rotation and dilation constants .

Letting the newly-formed total af fine parameter vector be denoted

by 
,~~~, wher e

a = —— ( 5 . 4 . 4 . 2 — 5 )

equation (5.4.2-5) may be reduced to

= [
~ c G]~ = Dca (5.4.4.2—6)

where the ~th row of 
~c is given by

Pc (jt ~ row) = [(x1i f~i+x~2f~2) (xjl f~2—xi2 fil)] (5.4.4.2—7)

Thus , P~ is an Nx2 matrix of weighted spatial derivatives , and now Dc is

an Nx4 matrix. The form of P~ is considerably simplified if an Nx2 ma-

trix of sampled index values , X , is defined as:

x = [~i ~2] [~kT] k = 1,2 ,. . .N (5.4.4.2—8)

Using the definition of the Hadamard product (c.f. Rao [28], p. ll) ,2 p~

2) The Hada niard product of two Nxl vectors , e.g. e = c*d , where

~ [cj ] j  = 1,2 ,. . .N

~ = [d~ J j  = 1,2 ,. .

is also a Nxl vector , and is given by

= [cj d j ]  j  = 1,2 ,. . .N

The refore the Hadaxna rd product represents a point by point

multipl ication of the elements of each vector .

~~~~~~~~ -— . ~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~ - -
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may be written as

[~ i*~ l~~ 2 *~ 2 ~l*~ 2~~ 2 *~l ] = [~ i ~2 1 5 . 4 . 4 . 2 — 9

where * represents the Hadamard product operation .

Dc may also be put into this form :

Dc ~~~~~~~~~~~~ ~1*~ 2~~ 2*~ 1 ~l !21 
( 5 . 4 . 4 . 2 — 10)

Thus , the problem is now : given (5.4.4.2-6) , generate a “good” es-

timate of a (i.e. 
~~ 

and b) . Again , the least squares solution appears

promising , and as the next section shows , since the problem of forming

now involves the invorsion of only a 4x4 matrix with particular pro-

perties , a C~~ implementable solution may be readily obtained.

Having constrained A in the above , it is also useful to consider

the calculation of the actual affine parameters ~ and e from (5.4.4.2-ic)
once ac has been estimated. Approximating

sin8 e
and

cose l— e 2/ 2 (5 .4 .4 .2— 11)

and, recalling the definition of a~ f rom (5 .4 .4 .2 -4) , it is seen that

C2 =

ci = ,x( 1— 8 2/ 2 )_ l  ( 5 . 4 . 4 . 2—12)

and the refore

ci = ci+i ,x(1_ 8 2/2)  ( 5 . 4 . 4 . 2 13)

An estimate of the target rotation about its centroid , 8, may then be ob-

tained , since

~2. = 
_________ 0(i+e2

/2)  = o+®~/2 0 ( 5 . 4 . 4 . 2 — l 4 a )
c1

or more simply

C2/c 1 j ( 5 . 4 . 4 . 2 l4b)

which obviously holds since 0 was assumed small. Using ( 5 . 4 . 4 . 2 - 1 3 )  and
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(5 .4 .4 .2 -14) , the target magnification parameter , =, may then be obtained ,
from

c., 2
ci c1 C / C ’

2 
Z cj j l+ -~~~‘ ) (5 .4.4 .2—15 )

( 1—0 /2) l_ (C2/cjj 2 2
2

or
2

= c~ + 
C
2/2cl ( 5 . 4 .4 .2 — 15b)

Thus, a knowledge of 
~~ uniquely determines and 0.

5 . 4 . 4 . 3  Implementation of the Modifi ed Direct Approach
Using d ine ’s Theorem

Recall the estima tion problem , for suitable constrained A , is , to
estimate a , given

d = D~ a (5 .4 .4 .3— 1)

whe re

V Dc = [~ l*~ l~~ 2*~ 2 ~l*~ 2~~ 2*~ i ~i ~1] (5 .4 .4 .3 2a)

We may form the L.S. estimate of a assuming D~ has fUll column rank , as:

a = DC td (5 .4 4 .3 3)

(or equivalently solving the four normal equations :

DC
Td = Dc

TDca (5.4.4,.:~—4)

for a , however , for reason s cited in Appendix 4, the preferable CdD impie-

inentable solution is to form (Do) t). Also note that while the remaining

analysis in this section and the following assumes the formulation of a

matrix pseudoinverse based up on an identity matrix norm for simplicity ,

this work is extendable to cases where it is desirable to formulate this

pseudoinverse based upon a general matrix norm , Q.

A rigorous mathematical derivation of the conditions necessary for

Dc to have full column rank appears quite difficult , Therefore , a sim-

p le argument based upon intuitive reasoning is presented , and it is shown

- V.. - ~~~~~~~~ ~~~~~~~~~~~~~~~~



43

that for the class of textured targets expected , this matrix should always

have full column rank.

One way to show that Dc has full column rank, i.e., that the columns

of Dc are a set of four linearly independent vectors , is to compute the

Gramian of this set of vectors (c .f .  29 , pp. 217—218) and then show that

this function is nonzero . This approach has limited analytical utility ,

however, since exact numerical values of the vectors comprisinc Dc are

not known a priori . (It should be noted , however , that the Gramiari cal-

culation was incorporat€d into the simulation programs described in the

following chapter.)

A more reasonable approach is to recall the definition of vector lin-

ear independence , i.e. if Dc has full column ran k , rio column of D~ may

be expressed as a linear combination of the remaining three. It is rel-

atively easy to reason that ~l and 
~2 

are independent , recalling from

(5.4.2-3) that the kthcomponents of each of these vectors are

~ki. = 
3f (X k)

and (5.4.4.3—5)

~f(X)~~

~k2 = 
aX2

where (xk}; k = 1,2. . .N is the set of all sample points . For any rea-

sonably complex textured object (Section 5.2) it is expected that verti-

cal and horizontal target textures are independent , therefore , from

(5.4.4.3-5) it is unlikely that f1 and ~2 are dependent. In fact , in con-

sidering targets of practical interest (e.g., aircraft, ships , land—based

vehicles , etc.) it is likely that the components of 
~l 

and f2 will gener-

ally be nonzero, and also “rich” in variation , due to the inherent texture

present in these targets.

It is now necessa ry to show that the remaining two column s of Dc
are also linearly independent (of each othe r and 

~~ 
and ~2)~ Recall that

these column s are obtained by a linear combination of the Hada mard prod-

uct vectors 
~~~~~~ X 2*f 2 ,  ~1~ f 2 and x1~~f 2 ,  as shown in ( 5 . 4 . 4 . 3 — 2 a ) . It

is useful to consider the structure of xj and 
~2’ 

where these vectors are

defined in ( 5 . 4 . 4 . 2 - 8 ) . Figure 7 illustrates the effect of a raster scan
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on a 3x3 square sampling lattice with a unity spatial sampling interval

and the origin at the center of thi s lattice . With this strategy ‘a and

~2 would be of the form:

—l —l

— l 0

—l 1

0 —l

‘a = 0 and ~2 
= 0 (5.4.4.3—6)

0 1

1 —1

1 0

1 1

Based upon the assumed variational “richness ” in f1 and ~2’ 
and , as indi-

cated in ( 5 . 4 . 4 . 3 — 6 ) , also in x~ and ‘~2. and recalling the definition of

the Hadamard product , it is seen that the formation of the first two col-

umn of Dc, i.e., the vectors (~l*~l+~2*~2) and 
(~ l*~ 2

_
~ 2 *~l ) ,  should yield

resultant vectors which are also “rich” in variation and independent.

The above reasoning , in addition to showing the independence of the

columns of Dc, also links the intuitive and mathematical concepts of affine

parapara meter “est.iznatibility ” or target pert urbation “observability ” or

“detectability .” For example , in many sample cases where Dc has column

rank less than 4 , a human observer would also be unable to determine cer-

tain target perturbations . The most obvious example is the case wherein

= 
~2 = 0, (i . e., the target has no texture, or equivalently , the tar-

get interior is constant intensity throughout) . In this case Dc = [o],
and using only information from the target interior , it would be impossible

for a human observer to detect any target perturbation . Another somewhat

more realistic example is the case wherein the target is circularly sym-

metric. In this case the column rank of Dc is less than or equal to 3 ,

and clearly , using only target interior information , a human observer could

not detect target rotation , due to the symmetry of the target .
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Finally , it should be noted that the simulation described in Chap-

ter V~~empirically confirmed the preceding reasoning. Even in cases of
very slightly te xtured targets it was found that the Gramian of the four

vectors comprising Dc was nonzero , in fact , it was never close to zero.

It is felt that the only practical case in which the question of column

rank could become significant is when the target is partitioned into smaller

portions consisting of a small number of textural samples , as in the case

of Gestalt Segmentation , described in Section 5.4.5.2. In this case it

may be possible for the target to regionally lack texture , and therefore

TSVIP estimates in these regions may be unreliable .

Thus , if Dc has full column rank , one way to form Dct is to take

advantage of the preceding partitioning and apply d ines theorem (Appen-

dix 4)

Dct — 

~~ 
G]T = r t _Pct~

t_PctG(I;
ctc)
~
T(Pct)TPc+(I_~

t
~1

~~ 
(I_ C C) KGt (Pc ) Tpc (I_GC ) J ( 5 . 4 . 4 . 3 — 7 )

where C ( I P cPc~ ) G (5 . 4 . 4 . 3 8 )

and K [I+( I_ C +C) G T (P c )T P cG(I_ C tC ) ) 1  (5 .4 .4 .3. 9)

Due to their apparent complexity , little (i f anything) is to be gained

from the implementation of equations 5.4.4.3-7 through 5.4.4.3-9 directly .

However , as reasoned in the following , C has full column rank , so that

(CTC)~~ CT. (5.4.4.3—b a)

~tC — (CTC)~~ cTC I (5.4.4.3—lob)

and ( 5 . 4 . 4 . 3 - 7 )  reduces to

~~ ~ -p tGCtl
f~ c : = ~ c ( 5 . 4 . 4 . 3 ll)

L c J

Thus , the task of estimating a may be accomplished via a CCD-imple-

mentable processor , which only uses inner product type operations (and

the inversion of 2x2 matrices , which is easily accomplished in closed form).

Recall (5.4.4.3-8) and the fact that Dc has full column rank. Then , from

(5.4.4.2—9) and (5.4.4.2-10) Pc has full column rank , as does 0, and
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= (PcTPcY~~c
T (5.4.4.3—12)

C = ( I p c (pc (pcTpc) _lpc
T ) G  

( 5.4.4.3- 13)

Now

CTC = GT (I_P c (PcTPc) _lPcT ) T (I_P c (P cTPC ) _ 1PCT) G

= GT(I Pc (PcTPcY ’PcT) ( I P c (P cTPcY~’Pc
T ) G (5 .4 .4 .3—14 )

= GT ( I— 2P 0 (P cPc)~~~PcT + Pc (P cTPc) ~lp0Tp0 PcTPc~~~ PcT G

= GT (I_P c (PcTPc)_ l PcT)G

or

CTC = GTG - GTPC (P CTPc )_ 1P0TG (5.4.4.3-15)

and if C has full column rank, (Crc) will be an invertible 2x2 matrix of -
rank 2 (c.f. Cu rie (303).

It appears difficult to prove that the matrix described on the left
han d side hand side of ( 5 . 4 . 4 . 3 - 1 5)  has an inverse . An alternate and some-
what devious approach is to modify the approach of [31] in fortn.ing the
inverse of partitioned (square) matrices. A brief digression will show

this proof. Recall

Dc = (p 0 G] (5.4.4.3—16)

and that D0 (and consequently P~ and G) have full column rank. Therefore

(D cTDc)~~~ exists ar i d is an invertable 4x4 matrix.

Expanding

T 1 c ~~c 
PC

TG1
(Dc Dc) = I (5 .4 .3 .3—17)

I GTGJ

or, for simplicity ,

~~1l I ~9..21
(D cTDc) = 

~~~~~~~~~~~~ (5 . 4 . 4 . 3 — 1 8 )
L~2l ~22J 

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

-
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Clearly and exist due to the fact that 
~~ 

and G each have f ull
column rank . Thus for any linear set of equations of the form

(DcTDc)~ = y (5.4.4.3—19)

there exists a unique solution vector F.

Partition ~ and x as follows :

= I -.— ! ( 5 . 4 . 4 . 3 — 2 0 )
L~2J

r~i1= I—— i ( 5 . 4 . 4 . 3 — 2 1 )

L~2J
Clearly 

~l 
and 

~2 
are then also unique. Rewriting (5.4.4.3-19) using

(5.4.4.3—18) using ( 5 . 4 . 4 . 3 — 2 0 )  and (5.4.4.3—21) yields

X1l~ l + =

(5.4.4.3—22)

2l~ l + 22~2 =

Multiplying the first equation by =ll 1 and simplifying yields

= ‘9.l~~ Zl — =ll — ’=l2 c2 ( 5 .4 .4 .3—23 )

Substitution into the second equation yields

2l l1~~~ l 21 11 L12~2 + 22~ 2 = Y2

or

( 22 — ~2l=ll~~~~l2)~~2 ~2_oc21= 1l~~~ l ( 5 . 4 . 4 . 3 — 2 4 )

Since ~2 is the uniq~~ solution to this matrix equation , it is apparent
tha t the nullspace of the 2x2 matrix W , where

W = (~ 22_ ~ 2l0c1l 1=l2)

is empty , thus, this matrix has full, rank , ( — 2 ) .  Recalling the definitions
of the ~‘s in (5.4.4.3—18) , it therefore is proved that

GTG cTpc (p cTpc) ’1p~ TG = cTc = w

is nonsingular , therefore , from (3.4.4.3-15) , C has full column rank .

- - 
-_
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Since (CTCY~1 exists , ( 5 . 4 . 4 . 3 — l i )  may be used to form Dc . Thus, to es-

timate a by partitioning Dc as in (5.4.2—7), (5.4.4.3—11) may be used,

i.e.,

~~~~= Id (5.4.4.3—25)
- I -‘

L C

or, in fully expanded form

r(pcTpc) ~~PcT fI”G (GTG_GTpc (PcTP0) ~~PcTG) -l ( I P c (PcTPc) ~~P0TG)fl

L (GTG G TPc (P cTPc) PcTG)~~~(I_ P c(P cTPc) ”] PcTG) J
( 5 . 4 . 4 . 3 — 2 6 )

For purposes of clarity , ( 5 .4 .4 .3—25 )  will be used to show the simple C~D
implementation. It is possible and indeed advantageous to estimate a us-

ing parallel processing since , from (5.4.4.2—5 )

a =

Lb
and therefore from (5.4.4.3—25)

a1~ = (Pc Pc GC )d ( 5 . 4 . 4 . 3 — 2 7 )

and

= ct~

Equations (5.4.4.3-27) and (5.4.4.3—28) are hereafter referred to as the

TSVIP algorithm , and comprise the heart of the video tracking process.

If only b is desired , the problem is greatly simplified , since C

may be formed using only inner product operations , sums , and the closed

form solution for a 2x2 matrix , which only requires the capability to per-
form analog division . Notice that even if on ly b is desired , this esti-

mate is obtained in (5.4.4.3-28) by also considering the effects of a0,

even though the latter vector may not also be estimated . It is difficult

to overestimate the import ance of this result in view of past efforts in

the patte rn recognition area. This is in direct contrast to the approac h

taken in the next section , whe re effects are modeled as “noise . ”

- ~
:-
~

- -
~~ .-~ - - - - V

- V
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At this point a brief digression is in order. The preceding anal-

ysis , particularly for the first-time reader, may appear somewhat compli-

cated and difficult to interpret in a physical or intuitive sense. There-

fore , the interested reader is referred to Appendix 6, which gives a sim-

ple physical interpretation of the TSVIP algorithm approach (for the l-D

case), and presents several detailed numerical examples.

Even though the capability of analog division exists , in order to

reduce implementation complexity arid achieve high speed processing it may

be desirable to eliminate or minimize the need for this operation (c.f.

[32], p. 279). As the following analysis shows, there are ways to accom-

plish this .

While it is not the purpose of this work to consider in detail the

various potential types of CCD architectures capable of implementing

(5.4.4.3—27) and (5.4.4.3—28) , an example is included to establish the

feasibility of such a design.
In order to implement (5.4.4.3-27) and (5.4.4.3—28) the C~~ proces-

sor must have some me ans of manipulating negative numbers , in particular,
a four-quadrant multiplication and an addition capability . While presently

no such device exists, it is felt tha t CcD technology has this potential .

For example , fixed tap weights already exist (c.f. [6], p. 219), and it

appears that by replacing these fixed taps with variable conductance NNOS

transistor weighting devices (c.f. [5], p. 37), the capability of both

positive and negative variable tap wei ghts could be obtained. In addition ,

methods are already available for injecting and detecting bipolar signals

(c.f. [6], cli. III, Section C), and the combination of these two technol-

ogies could result in CCD devices with the aforementioned desirable capa-

bilities. Therefore, the availability of such devices in the future is

assumed .

Assuming the matrix G and the vector d already exist (the estimation

of C is discussed in Section 5 .4 .6 .1) , the first problem addressed is the

formation of P0. Recalling the definition of P~ from (5.4.4.2—9) , it is

easy to see that 
~l 

and 
~2 

are easily formed via tapped CCD registers ,
where the register contents are the vectors ~l and ~2 and the tap weights
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are x1 arid x2.

Thus , in the implementation of ( 5 . 4 . 4 . 3— 2 8 ) , the f i rst step could

be the formation of P0~ . Defining

v~ ~~p0Tp~~ ( 5 . 4 . 4 . 3 — 2 9 )

and recalling

= (p0Tp0 )~~1pcT ( 5 . 4 . 4 . 3 — 3 0 )

one possible implementation is as follows:

Step_l: Form (P 0TPc) and vl . Clearly PcTPc is a 2x2 symmetric ma-

trix, which is easily formed using inner product operations.

I~l~~l ~~~~~(p~ Tp~ ) = (5.4.4.3—31)
I T  T
~2~~ l ~2~~2

It follows that

- T~~~
- 1 P2 P2 ~~~~2 }(PcTP0) 1, (5.4.4.3—32)

~l . 2  ~~~~

thus from (5.4.4.3—30)

-
~ fl(p Tp ) p T - (p1Tp ) p T~~

vlPc = (5.4.4.3—33)
T T~~ T

Equation (5.4.4.3-33) describes the architecture of a C~D based Nx2 “pseu—

doinverter ,” which is clearly feasible with the previously assumed CdD
building blocks (neglecting temporarily the v term).

Step 2: Form PcPc
1’

The formation of vlPcP~~ is as follows :

~~p2
T~2 )p 1

T_ (p1
Tp2 )p 2

T~~
V1PcPC = [~l : ~2] I ( 5 . 4 . 4 . 3 — 3 4 )

L_(pj Tp2 )p1
T+ (p1Tp1~~2~ _

It  is again obvious that the indicated matrix mult i plication is CcD achiev-
able , since each element of the product matrix is the result of an inner
product o p e r a - i o n .

- — .- .- - -
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Step 3: Consider the formation of (I—P
~
P
~

Defi ning

[‘TP TP)P T...(p Tp )P T
M - 

~ 21~ 
~~(p Tp ) p T+ (p T~~ )p T ( 5 . 4 . 4 . 3 — 3 5 )

it is easy to see that the formation of M is again a C~D achievable opera-
tion , arid

M = —v1P~
P0 (5.4.4.3 36)

If v1 is added to each diagonal element of M (e.g. have this “bias ” built
into the architecture), the result, designated M÷l ,  will be:

= Vi (IP cPc ) (5.4.4.3 37)

Step 4: Form M+1G. This step again only requires matrix multipli-

cation. The result is

M~1G = V1(I— P 0P0~ ) G ( 5 . 4 . 4 . 3 — 3 8 )

= v1C

= [M÷lG]T[r.t.~.lG ]I . (5.4.4 .3—39a )

Step 5: rising the architecture of (5.4.4.3-33) , form

v2 (M+1G) = v2 (v 1Cr

= v2 lCTvlC) 1~,icr ( 5 . 4 . 4 . 3 — 3 9 b )

=
vi

v -~= ( ) C
vi

Step 6: Form

v2 (M~1G ) d  = 
~~~~ C d

( 5 . 4 . 4 . 3 — 4 0 )
= (~~2.) b
v],-

Thus , using primarily CCD-implementable inner product operations , a scaled

estimate of the a f f i n e  translation vector b (with the scale factor , (~~)

V.- - - V ~~~~~~~~~~~~~~~~~~~ - - _.~
_

~~~~~ r VV.V_u_ V.~~~V*~~,.
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calculable from (5.4.4.3—29) and (5.4.4.3—39a)) is obtained. As shown in

Section 5.4.7 this form is acceptable , since b will be again scaled by

the overall control algorithm (part 4 of Figure 2) before being used for

camera mount controls. Note also that vi and v2 were considered separately

throughout. This is advantageous for two reasons :

(1) The problem of analog division is circumvented.

(2) Should P,~ not have full column rank, v1 = 0, and a “flag” to

signal the impossibility of matrix inversion is available.

In addition if v1 is close to 0, a problem with numerical sen-

sitivity in the algorithm may occur , and vl might also be used
to identify this situation.

The procedure outlined above for implementation of (5.4.4.3—28) is

only provided as an example , and no claims as to uniqueness or optimality
V are made. The implementation of (5.4.4.3-27) may be shown in a similar

manner. For implementation using one analog divider, see dhapter VI.

At this point it is useful to consider the potential processing speed

of the aforementioned CdD-based implementation . Under the following set

of assumptions, i.e.,

(1) The system is in “steady-state ,” i.e., initialization of para-

meters and initial segmentation have been accomplished;

(2) The hardware necessary to enable sampling of all desired scene

pixels simultaneously is available;

(3) Information necessary for segmentation and spatial derivative

data are available from the previous scene; and

(4) A CCD-implementable vector inner product operation may be ac-

complished in two or less clock cycles , once the register con-

tents and tap weights are available.

the estimates shown in Table 1 may be obtained. As an example , with a

1 MHz system clork and assuming 36 clock cycles to implement the TSVIP

algorithm , the total processing time for this algorithm would be 36 )isec—
onds .

The above estimates are only intended to show the potential speed

of the CCD-implementable TSVIP algorithm , and should not be taken as rigid
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Estimated
M~~ber of

Operation Equation Clock Cycles

(1) ~ 1put p(~~(k+l)T) --—— 2

~2) Form d(i,(k+1)T) (5.4.1—1) 4

(3) Form d (k+) T (5.4.1—2 ) 2

(4) Form P~ and Dc, using (5.4.4.2—9) 4

and x2 from (2) and
G (kT )

(5) Form (PcTP~)~
f1 and v~_ (5.4.4.3—31) 3

V (5.4.4.3=29)
- (5.4.4.3—32)

(6) Form v1PC~ (5.4.4.3—33) 3

(7) Form V1P~~P~~ and Z4~l, (5.4.4. 3—34) 3

(5.4.4.3—37)

(8) Form M.,.IG (5.4.4.3—38) 2
(9) Form (~—‘)C~

’ (5.4.4.3—39) 3

(10) Form (!~ )~ (5.4.4.3—40) 2

(Li) Form ac (5.4.4.3 27) 4
(12) Sca.ie )(kT) for e(kT) (5.4.7—2) . 4

36 cycles

Table 1

Proc.ssing Tim. Estimate for C~~ Impl.msntation
of TSVIP Mgorithm

- - - -. V. .— - ~~~~~~ -~ - ~~~ ~~~ 
- —
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design specifications. The ultimate tracking processor speed will be af-

fected by system clock frequency , segmentation procedures, amount of sys-

tem pipelining , filterin of TSVIP estimates , scene preprocessing , scene

sampling , exact algorithm implementation (the preceding implementation

is clearly inefficient) , camera mount dynamic restrictions , etc . The un—
plementation of the modified direct approach using Cline’s theorem by means

of CcD devices is discussed in Chapter VI, in which specific configurations

of formulas (5.4.4.3—27) and (5 .4 .4 .3 — 28)  are proposed.

Finally , a note should be made concerning scene dimensions , i.e.,

the total number of pixels processed at each temporal sampling instant in

an NXM scene . Since the TSVIP algorithm implementation is temporally ef-

ficient , but spatially complex, processing time should be relatively in-

sensitive to scene dimensions, provided assumption (2) above is valid.

F 5.4.4.4 Incomplete Parameter Vector Estimation Approach

As mentioned in the previous section, the estimation of the homoge—

neous af fine parameters (a~ or ac) may be of little interest , especially

in cases where dilation may not occur. In this case the method of Section

5.4.4.3 is somewhat simplified , however, an even simpler implementation

results if the effects of these parameters are modelled as “noise.” As

shown below, however, the quality of the estimates obtained via this ap-

proach is questionable.

Recall (5.4.2—6), which may be written using (5.4.2-7) as

d = Pa~ +Gb (5.4.4.4-1)

Clearly , if ap 0 and b = 0, then a = 0. Assuming the estimation of

is not required , model the term Pa~ as “noise , ” i .e . ,

d = Gb + n ( 5 . 4 . 4 .4 — 2 )

This approach is similar to the problem of system identification with an

incomplete parameter vector (Eykoff [33], p. 199) . Thus , the L.S. esti-
mate of 6 , using a Q norm , would be obtai ned as:

b G 2~d

= (GTQG)_ 1GTQ4 (5 .4 . 4.4-3)
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which is much simpler than (5.4.4.3—28), since only a single 2x2 matrix

inversion and a few simple inner product operations are required. Using

(5 .4 .4 .4- 1), however , it is seen that

6 = (GTQGr 1GTQGb + (GTQGy~~GTQPa~- 
(5.4.4.4—4)

= b + GQtP~p

and therefore the second term in the above equation represents an error

in the b estimate. In fact, unless

E{GQtPa~} = 0 ( 5 . 4 . 4 . 4 5)

this estimate will be biased , and empirical evidence (Chapter VI) suggests

there is no reason to assume that (5.4.4.4-5) holds. Furthermore , in or-

der to obtain a “good” estimate according to criteria (l)-(3) in Appendix

(3) , it would be necessary to compute

Cov{~ } = E {(Pa~ ) (Pap ) T }~ N ( 5 .4 .4 .4—6 )

and then choose Q = N~~ (minimum variance) in (5.4.4.4-3). This is cer-

tainly not easy to do a priori.

5.4.5 Segmentation

As described in Section 2.2, the tracking computer must be able to

separate the target from the background, i.e., segment the scene at each

temporal sampling instant. For reliable TSVIP estimates , Section 5.3 in-

dicated that only points on the target interior should be used. The dis-

cussion of this system requirement has been postponed until after the de-

velopment of the TSVIP algorithm , since this algorithm may be used in a

novel “bootstrap” fashion to aid segmentation.

The automation of the segmentation capability inherent in the human

visual system is perhaps the most difficult tracking computer algorithm

development task. As noticed by Rosenfeld [1]: “It should be emphasized

that there is no single standard approach to segmentation.. .the perceptual

process involve d in segmentation of a scene by tha human visual system ,

e.g. , the Gestalt laws of organization , are not yet well understood.... ”

Despite this d i f f iculty , n umerous segmentation approaches have been devel-

V - V - - V. - - 
~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~V
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oped . Some of the more popular approaches are discussed in Section 4.4.

The varying degrees of success achievable with these algorithms is appar-

ently a function of the assumed picture model , and the complexity of the

scenes consi dered in this work as well as the real—time operational require—

merit generally rule out the use of these simple approaches .

In developing segmentation algorithms for the present system, a log-

ical guideline is to use a segmentation technique which is suitable for

the type or class of scene under consideration . Two general techniques

which appear promising are described in the following. The first uses

a statistical classifier with temporal updating based upon the TSVIP al-

gorithm. The second makes unprecedented use of unsegmented scene TSVIP
V 

estimates and a Gestalt law .

5.4.5.1 Statistical Segmentation with

Updating Using TSVIP Estimates

Before discussing these algor ithms in detail , it is usef ul to define

the concept of a window , segmentation , or T/B separation function.

As mentioned in Section 5.3.1, it is desired that the sampled pic-

ture data points, xj; i = 1,2. . .N , used by the previously developed al-

gorithm , be chosen strictly from the target interior, i.e., they represent

f (xi ;kT) since A (xi;kT) = 1. Since it is only these interior points which

are to be considered , some guidance is needed in the sampling process,

and this may be achieved using a 3-D window function , w(i;kT), which es-

sentially enables the discrete—analog processor to “see” the scene data

through an aperture or window, with this window chosen such that only tar-

get interior points are “visible.” Thus, we may define the architecture

of a 2-D “scene sample enable register , ” which holds the values of w( i ;kT )

for all permissible values of i, arid together with control and logic cir-

cuitry, enable the following decision :

i is an acceptable sample point if w(i ;kT) = 1,

otherwise , p ( i ;k T) , f or this value of i , should

not be used by the TSVIP algorithm .

Obviously , if A ( i ; k T )  were known , an obvious choice for w ( i ; kT )  to enable

estimation of a(kT )  would be to choose
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w(i;kT) = w ( i ; ( k+ l) T )  = where X(i;kT) = X( i ; (k+ 1) T )  = 2.
- 

0 elsewhere

However , since X is unknown , w( i ;kT)  mus t be estimated.

Note that the problem of estimating w( i ;kT)  is analogous to the T/B

separation problem , and a number of well—known image processing segmenta-

tion approaches may be employed. For example, the missile tracking sys-

tem of Flachs , et al. ( 18—24 ] assumes the target and background pixel in-

tensities originate from two different pdf ’s, utilizes a “window-frame”

approach to estimate these pdf’s, and then classifies on a pixel-by—pixel

basis using a Bayesian test. Other well—known segmentation approaches ,

for example , texture edge detection , could also be employed.

fin important point should be made concerning the linking of the seg-

mentation process and the TSVIP algorithm. It is expected that conventional

T/B separation will be a relatively time-consuming process. This is pri-

marily due to the fact that the Flachs approach , as well as many of the

standard statistical approaches , must re—segment the entire scene at each

sampling interval , thus the processing time allocated for segmentation

purposes will remain constant .

The TSVIP algorithm may , however, possess a clear advantage over

these conventional approaches . Once the initial window function ( i .e . ,

w ( i ; O ) ) has been determined (perhaps using a conventional segmentation

algorithm or a human operation ) the TSVIP estimates may be used to update

this window , since target translation, rotation and dilation estimates , i . e . ,

b , x , and 9, will be available at t = kT. Thus , using the TSVIP algorithm ,

the segmentation process , in particular , the formation of wU~; (k+l)T) for

the scene at t = (k+l)T may be accomplished using the estimate of a (kT) .

Therefore , as in the derivative estimation process , the “pipelining ” abil-

ity of the TSVIP approach is apparent.

The TSVIP algorithm may therefore be conb ined with the aforementioned

segmentation approach to form the overall system shown in Figure 8. Note

that this processor contains the necessary algorithms shown in blocks (1)

and (2) of Figure 2 , and discussed in Section 2.2.
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5.4.5.2 Segmentation Utilizing a Gestalt Law

One of the somewhat sparsely used tools in scene segmentation has

been the use of velocity information for segmentation . Obviously, this

information is only useful when considering classes of scenes in which

certain portions (i.e., the target) are moving , and clearly the image track-

ing problem is such a case. Potter (34] suggests the use of velocity as

a cue to segmentation , an idea also shared by psychologists [1] studying

biological systems. Using the previously developed TSVIP algorithms , tar-

get perturbational information (which includes velocity information) may

be employed in a very straightforward and novel way to enable scene seg-

mentation .

The underlying basis for this segmentation approach is the Gestalt

“law of common fate” ( [ 1] ,  p. 61) which states that “ ...if a collection

of parts move in unison , one tends to see them as a single f igure . . . .”

Recalling that the TSVIP algorithm estimates a vector of target perturba-

tion related parameters , a, it is straightforward to modify the algorithm

to employ this law. A Set of vectors (~~(q)}; q = 1, 2,. . .3 correspond-

ing to (parallel) application of this algorithm over a set of B non-over-

lapping 2-0 blocks, IS computed and the blocks in which a ( q)  estimates

are identical (or close in some vector norm sense) , are classified as be—

lon ing to either the target , the backgroun d , or both .
The success of this parallel application of the TSVIP algorithm is

based upon the following reasoning. Recalling (5.3.1-5) , i.e.:

p(x;t2) = f(x;t1)X (x;t1) + ((
3f(

~
!it1))TX(x~4.l)+f(x;tl) (~

A (
~
;t1i)T](~~+b)

+ b(x;tl) [l-X (x;tl) ] b (x;tl) ( ~~~~~~t1))T (Ax+b) (5.4.5.2-1

it is useful to now examine the remaining two scene regions previously

mentioned in Section 5.3.1, but not considered , i . e . ,  where

(1) X 0; ~~ 0 (Background)

and

(2 )  X 0 or 1; = “large ” (Target contour) .

For case (1) , ( 5 .4 . 5 .2 — 1 )  in this region reduces to:

p ( x ; t2 ) = b(x ;tj.) (5.4.5.2—2)
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= p (x ; t 1)

therefore it is obvious that for aLl x in this region d(x’
~t2) — 0 , and

if the TSVIP a1.gorit~~ were used, with sample points from this region

only , the estimates would yield 0 or 0. This is intuitively ob-
vious, since the background was assumed to be slowly time varying, and
therefore no change is expected over two successive scenes.

In considering case (2),, a somewhat different app’~oach must be
taken , due to the presence of the ~ terms in (5.4. 5.2-1) and the binary
nature of A. Manipulating (4.3.2—IS , (4.3.2—3), (4.3.1—2) and (5. 3 . 1—6 ) ,
it may be shown

A(x;t2) ~ A (x ’,t1)

that

d(x~t~2 ) — f(x;t2)A(x ;t2) — f(x t1)A (x ’.t1) (5.4 5.2—3 )

+ b(x ’,t1) [A (x ;t1) — X(x ;t 2 ) ]

Consideration of the two possible combinations of (A ( x t
1) ,  A (x;t 2))

va.lues (i.e., (1,0) or (0,1)) gives an obvious physical interpretation to
(5.4.5.2 3): this is the portion of the scene difference function due to
either “covering up” or “uncovering” of background points due to target
perturbations . Empirical evidence (Chapter VI) suggests that a difference
vector formed by using these points wiLl tend to have many components of
relatively large magnitudes (since there is Lttt.te spatial or temporal
correlation between the target and background functions) , and therefore
if the TSVIP algori thm is employed using sample points from these re-
gions , the ~ or S vectors wiLl tend to be biased towards “large” values.
Since these regions occur around the target edges , it may be desirable to
detect and a1 t~ {nate samples originating from these regions , and one pos-
sibl e approach is to form a histogram of the d vector components and ,
based upon this data , only accept dj  components below a certain thresh-
old. This approach has been considered in the simulation doci.rnented in
the following chapter ,

S~~m~arizing the above , the following should be noted :
(1) If a majority of sample points are obtained from window regions
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interior to both the initial and perturbed targets, the TSVIP
algorithm, will, generate accurate estimates of the ~ or b vec-
tors , which will be close (in a vector norm sense) for all
windows in this region (an exception is noted below) .

(2) If a majority of sample points are obtained from window re-
gions in the background regions, the TSVIP estimates of a or
b will, tend towards 0.

(3) If a majority of sample points are obtained from window rern”

gions in the “covered” or “uncovered” regions , the TSVIP es-

timates of i or S wiLl, tend towards very large or unreasonable
values , which are cert~-ain 1y not consistent with the original

assumpti on of small scene-to-scene target perturbations .
Thus , the above results may be used in a novel way to enable tar-

get/background (T/S) separation , by associating those window-related a

or b vectors which are similar as representing regions which are also
similar , i.e., representing the target interior , “uncovere~ ’t’covered,” or
background regions . In this way the TSV~~ algorithm may be used perhaps
as part of a two—pass “bootstrap” procedure , wherein the first set of
scene windows is chosen wi ~h ~ f~mmnsions small enough to generate a good
estimate of the target contour , and then , based upon these regional es-
timates , all co on or similar target region data points are then
“pooled” for refined estimates of either ~ or b.

Two fine.], points should be noted. First , in the case where a - 0 ,
obviously p (i ;kT) — p (i ! (k+1) ‘r) • Thus, the preceding procedure would,
for every window , generate estimates closely appro~ im~ting ~ - 0. There-
fore , segmentation would not be possible in this case, however, this is
of no real concern , since if the target is unchanged, the system does not

need to take any corrective action • Second , since the TSVIP algori thm
requires that the 3c matrix have full co1~~~ rank , each window used in
the Gestalt segmentation scheme must contain sufficient features such
that (Dc

TD0) is nonsingular . Other’iise, it is not possible to generate

a reliable estimate of a or b for this window , and the utility of the
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aforementioned segmentation technique becomes questionable •
The TSVIP algorithm may therefore be combined with this type of

segmentation approach to yield the overall tracking processor shown in

Figure 9 • note that this processor contains the necessary algorithms

shown in blocks (1) and (2) of Figure 2 , and discussed in Section 2 . 2 .

5 .4 . 6 Consequences of the TSVIP Algorithm ~ooroach

5. 4 .6  .1 Derivative Estimation

In Section 5.4  • 2 . it was indicated that estimates of scene spatial

derivatives were requ.lxed for the TEVIP algorithm, This is not e~~ected
to be a critical requirement , provided proper care is exercised in oh-
tam ing these derivatives .

Perhaps the most obvious and straightforward approach to spatial

derivative estima tion is the use of a simple difference appro ximation .

This approach is ideally suited to C~~-implementabi.e calculations. The

conditions necessary to insure the validity of such an approximation are

well known [35 1, [36J, therefore , for the system considered here this

implies one or more of the following:
(1) A (high resolution) sensor is availa ble , with sufficient hor-

izonta.l and vertical sample resolution, so that , and
as used in (5.4.2-3a) may be approximated as:

rxi+A1 rxi
_ _ _  

LX 2 .J Lx2

and (5 ,4,6,1—1)

rxi l - rxil
f i  I ~ f I

____  

L~’244J
~x2 

—. 

A

Mote that this does not imply that this sensor must employ a
rectangular sampling lattice , but only that at sampling points
the adjacent (i.e., i—i and i+1) samples be sufficiently close.
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This is a consequen ce of the fact that not aLl. scene points

need be sampled , as discussed in Section 5 • 4.1 ,

(2) The scene has been sufficiently low—pass filtered (or almost

equivalently, the sensor lens has been sufficiently defo-’
cused) so that higher spatial frequencies are attenuated.

Thus , the spatial sampling increment chosen will yield suffi-

ciently accurate derivative estimates based upon the differ-

ence equation chosen .

(3) Random noise in the scene has been minimized, perhaps as a

result of (2 ) .

An extension of the above procedure would be the use of more com-
plicated difference functions , e • g. repeated Richardson extrapolation

F (c.f. [35], p. 310) . These approaches should improve estimate accuracy

and reduce noise—related errors, while increasing spatial and tempera.].

calculation costs.

Other more elaborate derivative estimation approaches might be the

use of local polynomial approximation (e .g .  “spline ” functions) or , the

use of approximate derivative reconstruction functions (c , f .  Freeman ,

(37 3 ,  ch. 5) .  These approaches may, however , significan tly increase sys-
tem complexi ty while yielding questionable improvements in spatial c~~riv-

ative estimate accuracy .

One final note should be made regarding spatial derivative estima-

tion . As indicated in (5.4.2-5) and (5.4.2-7) , the estimation of all or

part of a (kT) , using a difference vector obtained by sampling scenes at
t — kT and t — (k+1) T , requires spatial. derivative estimates (and linear
combinations of the same ) from t - kT • Thus , the TSVIP algorithm izther-

ently enab1~ a “pipefl ning” type of processor , since the scene data at

t - kT may be processed to yield spat ial. derivatives while simui taneously
the scene at t — (k+l)T is being sampled and the difference vector at

t - (k+l)T is being formed. Thus , the requirement of spatial derivative
estimation should not effect the system temporal sampling rate , but only

the processor spatlal. complexity .
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5.4.6 .2 Validity of Ar proximation-—Limits on A and ~

The major appro~i~~tion in the TSVIP Algorithm development con-

cerned the ~~deUing of target temporal evolution using only the first
order terms of the exact 2-0 Taylor series expansion . The validit y of

this approximation is guaranteed only if it can be shown that the effect

of second order and higher terms is negligible. As noted in P”~’~~k (1)

of Section 5.3.1 , this implies that I (A-I )x+b (I should be , in some

sense , “~m~ l1,” since the remainder in (5.3.1-7) is known to be (c . f .

(38] ,  p . 81) :

R — ~~[~x+b]T~~~~~~~
_ -

~~~~~~~~ fl [Ax+b] (5.4.6.2- 1)

3x2~~x~ ~x2 3x2

where
(5 .4.6.2 —2 )

Therefore the error introduced by the Taylor series approximation ,

for any value of x , is proportional to Ax+b ; 
2 , weighted by a matrix

of spatial second derivatives.

One straightforward but computationally lengthy approac h might be

to ass~~e that the second derivatives of the target textural function
are known , and then , for each value of x , use (5.4.6.2-1) and (5 .4 .6 .2 -2 )
to calculate the worst case remai~i~der as a function of A and ~~. Thea , by

suitably constrpining the r~m~inder (e.g., R .
~ .01), establish limits on

A and ~~~. With some knowledge of the expected target maneuverability

(e.g., è,~~, &..~~~ , ~~~~~~~ it is then a simple matter to set the system

temporal sampling rate such that A and b will be within these limits at

aLl. sampling instants.
A more realistic and computationally simpler approach might be to

a-ssu~~ that the f irst derivatives of the target textural function were known

a r~riori , or ~calculable , and that over some mu ltiple of the spatial sampling

interval , i.e., k~ , these part.ia.]. derivatives were very slowly varying .
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(This approach was used in the simulation described in ~iapter VI,

where it was found that if ~ was chosen to be approximately 1/6 of the

Nyquist spatial sampling increment , this assumption was satisfied for

k ~ 2 . )  Then , constra~inir~g target perturbations such that

II Ax +b H <k ~ 
(5.4.6.2 3)

it is a straightforward procedure to use maximum target maneuverability

data (i.e., 0m~~~i and ~~~~~~ to set the temporal sampling rate su.f-
ficiently high in order that (5 .4 .6 .2’3)  is satisfied.

It is important to note , that , in general , the r~ma~i.nder in

(5.4.6.2-1) is a function of x. For example , for a simple rotation the

magnitude of the term ~x increases with increasing I ~ I I. Therefore , if

target perturbations were limited by adjus~~ ent of the temporal sampling
rate as above , it is expected that a very conservati ve sampling rate
would be chosen , due to the effects of large values of I IX ! (e.g., at

the extremes or “corners ” of the target) . Furthermore , since this re-

mainder may be thought of as contributing to an additional error term in
the formulation of the estimation equations in Sections 5.4 • 4 • 1 through
5.4.4 .4 , the effect of this error on estimates of ~ or b will be inher-’
ently minimized by the least squares estimation algorithms used. Thus ,

it is more realistic to statistically consider the error term due to
(5.4.6.2-1) rather than its maximum value , when choosing the temporal
sampling rate.

5 . 4 . 6 . 3  Error Evolution and Minimization

There are a number of ways in which errc’ s arise in the TSVIP algo-

rithm estimates, and no deta..Ued analysis of all, possible cases is in-’
tended here , Instead , an overv’iew of these errors is given , since many

have been mentioned in the previous text ,
Generally errors in £ or k’ arise from one or more of the following

:auseS;
(1) Inexact segmentation (i.e., samples are taken from points

other than those on the target interior) . This topic was
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considered in Section 5 . 4 . 5 . 2 , where it is shown that this
situation may be utilized as a novel aid to the segmentation
process,

(2) Inexact derivative estimation, This topic was mentioned in

Section 5 , 4 .6. 1 , and it is assumed that this effect .is of sec-

onda ry impor ~nce.

(3) Inadequacy of tiie assumed model. Extensions of the developed

model were presented in Section 4 .3.4 , and it is assumed that
this problem is not present.

(4) Failure of the Taylor Series appro~d~mAtion in (5.3 . 1-7) to

hold. This problem can only arise if the system temporal
samp ling rate is chosen too slow , and therefore , if the
guidelines of the previous section are followed, should not
occur .

(5) Errors due to C~~ impl~~entation of the TSV~~ Algorithm.
This is a very involved topic , highly dependent upon the exact

implementation chosen , and is suggested for future study
(6) Failure of the target to have suf ficient texture (i . e . ,  D~

does not have full column rank), Obviously , in this case

the.te is nothin g which may be done to improve the TSVIP esti-

mates. The algorithm , however , viii. output a flag (described

at the end of Section 5.4.4.3) indicating that the estimates

are unreliable . another somewhat related case is the situa-
tion where DC

TDC is nearly singular , in which case the poten-.

tial for severe algorithm numerical sensitivity is signifi-

can t , This problem may again be eliminated by a careful a

priori investigation of the particular tracking application ,

(7) Random picture noise . It is likely that this case will arise

in practice , therefore this situation will be discussed
briefly. From (5.4 .4 .3 - ~3)  this noise in p (.i;kT) will ob-

viously affect ~ or ~ in two ways :
(i) In the estimation of Dc ; and
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(ii ) Through errors in df (k+ 1)Tj ,

Clearly, the overall influen ce of both noise effects mentioned in

(7) on the TSVIP estimates will be minimized if each scene is pre—pro—

cessed by an appropriate noise—reduction filter . If such pre—processing
is not used , however , the TSV~~ algorithm is still expected to yield

good results provided that a reasonably noise—insensitive derivative es-

timation Algorithm is used (as discussed in Section 5 • 4 • 6.1) and noise

statistics are appro ~{mately constant over a period of several scenes.

With these assumptions , the primary error effects are due to errors in

d[(k+ 1)T] , since from (5.4 . 1—i ) and (5.4.1-2)

4E (k +I)Ti [p(~~~~k+1 T — P t xj kT]] ( 5 . 4 . 6 . 3 — 1 )

i 1,2. .

and , with additive noise

p~~(i ,kT) ~ p(i ;kT) + r~(i~,icT) (5 .4 .6 .3—2 )

where ~~ and p represent the noise—corrupted and the exact picture func-
tions respectively, and r~ is a 3—0 noise process , with assumed slowly

temporally varying statistics .
Due to the nature of the imaging process (c f. [6], p. 145), 1 will

not be a zero-mean process . This is a significant point often overlooked

in previous efforts . However , from (5.4.6.3-1) and the assumption of

slowly time varying noise statistics , it is clear that the noise compon-
ent of dl (k+l) T~ will be a zero m ean vector , and from Appendix 3 , the

TSVIP estimates of ~ or £ will then be unbiased , Furthermore , if some

statistical characterization of n is possible , Appendix 3 also shows how

the least squares scheme (and consequently the TSVIP algorithm) may be
adapted to obtain minimum variance estimates for & or

5. 4.7 Closed Loop Effects Due to TSVIP

Heretofore , the major emphasis of this work has been on the model-

ling of scene evolution and the development of the TSVIP algorithm (with

some attention also having been devoted to the segmentation problem)
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Thus , those components incorporated in the blocks labelled ‘Video Pro-

cess I/O Relationship” and “T/B Sep . and Regist~~tion” respectively in

Figure 3 have been considered, The remaining blocks in Figure 3 will

now be addressed , in order to consider the effects of the TSVIP. algo-

rithm on the overall closed loop system.

As mentioned in Chapter 2, a necessary system component is a track-

ing filter , which could improve TSVIP estimates (i.e., a. (kT) ) by mini-
mizing the effect of noisy data , inexact T/B separation , etc . Tracking
filters of this type are well, known , and an excellent simm~~ y of this

work is found in [39].

Perhaps a more interesting problem is the processing of the TSVIP

estimates , ~ (kT) , to generate the actual camera gimbal control signal

vector , 9(kT) , which from (4.1—1) consists of th ree componen ts :

rea(
~ )1

~ f e~~i~’r j (5.4.7—i)

LZ kT J
where the first two components of this vector are used to adjust the

camera platfOrm azimuth and elevation , and the last component is useful

for zoom lens control . Recalling from Section 5.4 • 4 • 2 that the TSVIP

algorithm enables calculations at times t = kT of ~~ , the target magnif i-

cation parameter , 0 , the target rotation , and b , the target horizontal

and vertical perturbations in the sensor plane , the following may be

reasoned:
(1) Unless it is desirable to update the segmentation window (or

perhaps rotate the camera to keep the camera and target

aligned in some manner) , the utility of the 9 estimate is

limited;

(2) The estimate of ~ (kT ) may be used directly to form the z (kT)

estimate , since , from Appendix 1, represents the amount of

target dilation, i.e • ,  if the target remains the same size

— 1,0; and
(3) The estimates of 1 (kT) , together with a knowledge of the
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camera lens to sensor plane distance , f, may be used to form

the control signals ea (kT) and ®e O~T ) .  Since these control

signals are horizontally and vertically separable , Figure 8

illustrates the l-D case. For the target perturbation shown

in the figure, re-centering the perturbated target at t = (k+l)T

requires rotation of the camera moun t through an angle 0~ (kT)

(where 0~ (kT) = ®a(kT) if 1.j = b1, and ®~ (kT) = Oe(kT) if 
~~ 

=

b2 in Figure 8). Simple trigonometry shows that Or~
(kT) may

be obtained as:

- ‘k = -l~~i.
~~~~~ tan 

~~f (5.4.7.2)
(?)b j

Since the quantity is typically very small. Thus , the gen-
eration of the actual control signals , in particular , the cam-
era azimuth and elevation controls is straightforward .

Another important closed-loop consideration is the effect of the

camera controls. As mentioned in Section 4.3.2, the actual A and b pa-

rameters which control scene temporal evolution are functions of both

the camera mount controls and the target trajectory or perturbation.

Since the TSVIP algorithm developed herein operates on a scene—to—scene

basis , it is necessary to adjust the estimates from this algorithm for

known camera movement , and this may be accomplished in a very straight-

forward manner by solving (5.4.7-2 ) for bj, and using this information

to adjus t the actual camera moun t control signals. Unless this step is

taken , it is not difficult to envision a system wherein a simple step

input in target position initiates a stable limit cycle in the closed

loop system.

Finally it is usef ul to consider the overall system performance

over a large n umber of successive scenes and var ious tar get perturba-

tions , perhaps to establish long—term stability information, or deter-

mine the propagation of errors due to initially inexact segmentation ,
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lack of a centered target at t —  0, etc. It is felt that attempts at

ob~~in i”g this information via analytical approaches , in Light of the
mathematical comple~d.ties of the target model and the TSVIP and segmen-
tation algorithms , are somewhat hopeless . Useful empirical information
may be obtained in the future by modification of the system simulation

capabilities described in the following chapter

5,5 $rmlm.ary of TSV~~ Properties

The primary advantages and disadvantages of the previously pro-
posed TSVIP algorithm are si arized below.

Advantages

(1) The TSVIP approach offers a mathematically tractable model

and converts a very nebulous 3—D signal. processing problem
into one of 1=D time-varying parameter estimation .

(2) The TSVIP algorithms are generally C~~ implementable, and
temporally efficient since they inherently enable processor

“pipelining” techniques.

(3) The TSVIP algorithm yields an estimate of target translation

with resolution greater than that of the spati al sampling

lattice (i.e., no “moving” or perturbed template is neces-

sary),

(4) The TSVIP algorithm offers tracking proble m dimensiona lity

reduction with a logical, basis , i.e . ,  in Section 5.4.1 it is

shown that only a good statistical sample of target points

need be chosen , thus ad-hoc procedures such as averaging,
signatures , etc., are not employed.

(5) The TSVIP approach does not require the design of algorithms

insensitive to rotation and/or dilation , in fact (especially

in the case of dilation ) , it may be desirable to estimate
these perturbations, and this capability is inherent in the
TSVIP model formulation .

(6) The TSVIP algorithm may readily be coupled with a segmenta-

tion a.lgoritlm, to form the basic video tracking processor.
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In addition , the TSV~~ algorithm enables two novel segmenta-

tion approaches , namely: Ci) segmentation window updating,

and (ii) Gestalt c o n  fate segmentation .

Disadvantages

(1) The TSVIP approach requires the estimation of spatial deriva-

tives. This may lead to spatial oversampling, however , since
it is desirable to trade complexity in space for temporal
speed , this may be viewed as a. system hardware concern .

(2) The object to be tracke d must have adequate textural fea-
tures, otherwise the TSVIP algorithm estimates are not reli-
able . Non-textured targets are , however , a trivial case and
wo’31d logically be handled using simpler algorithms.

(3) Target perturbations must be restricted temporally in order
to insure the validity of the first order Taylor Series ap-
proxi~nation. However , this is merely dependent upon adequate
a priori choice of the system temporal sampling rate .
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CHAPTER VI

IMPLEMENTATION OF THE MODIFIED DIRECT APPROACH

USING cLIME’S METHOD

In this chapter specific architecture is suggested for implementation

of the constrained TSVIP algorithm using CcD devices . The method developed

in Section 5.4.4.3 will be followed. Recent developments of CcD program-

mable transversal filters look promising for the calculation of the inner

product of two variable vectors . This is an essential function in the prc-

posed system.

6.1 Summary of Necessary Formulas

Recall (formula (5 .4 .4 .3—1 )  that

d = D~a (6. 1.1)

where d is the Nxl scene difference vector , which corresponds to the charge

(p roportional to light intensity) in the sensor sampling pixels ; DC is

the constrained Nx4 matrix formed by the Nx2 Pc matrix and the Nx2 G ma-

trix. It is written

Dc = G] (6.1.2)

Vector a is the 4x1 total af fine parameter vector . The estimate of a is

a = D~d (6 . 1.3)

where
Dc = (P c G] t

rt ti
= ~c —P .,GC (6. 1.4)

L c~ J
where ‘ - ‘ denotes pseudo inve r se , and

C ~ [I_p c (pc
TPcY~1Pc

T ]G (6.1. 5)

[ I P cP~ iG

Recall , also , that ,



I
0’

75

C~
’ ~ (CrC)~~~C’r (6.1.6)

and 
~~ 

is def ined in a similar manner. According to (6. 1.3) and (6.1.4) ,

the TSVIP algorithm can be expressed as

= (Pc t_Pct
~3Ct )~ (6. 1.7)

b = c d  (6. 1.8)

Notice that once b is estimated , (6.1.7) can be written as

= Pc
t
~ _P c

tG~

providing an alternate implementation for a.

6.2 Estimation of the Total Affine Parameter Vector a

6.2. 1 Estimation of the Translational Vector b

Assuming that all the sampling points are in the target , p = S = f

is measured. The location of the sampling points with respect to the samp-

ling lattice origin is known , and we have

Xil = value of x1 at sampling point i

xi2 = value of x2 at sampling point i

iii. = spatial derivative with respect to x1 at sampling point i

~j 2 = spatial derivative with respect to x2 at sampling point i.

We can then write expressions for P~ and G as follows :

P11 P12

P21 P22

PC = [~ i ~~~ 
(6.2.1.1)

~Nl ~N2

whe re Pj ], = x~ if j i + x~2 f~ 2 ;  Pi 2 x~1f~ 2 = x~2 f~ 1

( r ecall ( 5 . 4 . 4 . 2 — 3 ) ) ,  i = 1,2,. . .,  N and

~ll f i2

f 21 f 22 , •
G =  ~ ~i2]

~Nl fN2

~~~~~~~~~~~~~~~~~~~~~~~
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It is necessary to have an estimate of the spatial derivatives fil

and ff2, The simplest, although perhaps not the most efficient way of

obtaining these estimates is to measure the texture function (proportional

to sampling cell charge ) at the sampling points and at two very close points
in the X] and X2 directions , separated from each sampling point by a known
distance t~. This is illustrated for a 3x3 (nine point) sampling lattice
in Figure 11. Notice that this sampling lattice correspords to the vec-
tors 

~l 
and 

~2 
given by (5.’~.4.3-6) and Figure 7. Recall also that the

vectors ~nd ~2 
are defined in (5.4.4.2—8) as X 

~ ~~ ~2 ]  =

1,2 ,. . . ,N , and must not be confused with the vector

rxill
= I

L~
.2

as defined in (4.3 .3—2).

For ~ sufficiently small ,

~~ ~~~ 
f iLxi. 2 J _fi Lxi2

L ~xl Ji il (6 .2 .1 .2 )

r~1 1 r~1r~
f(
~s)i 

~~~ ~~~~ 
f Lxi2

L 3X2 Ji i2

for i = 1,2,. . . ,N .

The sampling points vector x1 and ~ are kept constant. Hence =

constant and

( 6 . 2 . 1 .3)
f .  ________

where 
~jl+A 

and 
~i2-4-~ 

indicate displacement in the x1 and x2 directions ,
respectively . N me asurements of f1, f~14~ and ~~~~~ plus the value of

i~ will allow us to determine , approximately , the matrix G as indicated in

figure 12. Notice that the f’s represent charges , and that the ~
.‘s rep-

resent fixed tap weights. The implementation of negative coefficients

~-•,..——
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Figure 11 Example of Nine Point Sampling Lattice
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(negati ve tap wei ghts ) is described in [47 ) .  Also , as mentioned in Sec— j
tion 5 . 4 . 4 . 3 , all desi red scene pixels must be sampled simultaneously ir)(

order to get simultaneous measurements of the f t ’ s , the 
~i1+~~’~ 

and th~’
f 12÷~ ’ s.

Once an estimation of C is obtained, the matrix P~ can be implemented

by means of P1/SO and SI/ PO registers with fixed tap weights , as indicated

in Fi gure 13. Note that dependi ng on the specific characteristics of the

devices used to implement G = [ff1 f f2 ] ,  the two P1/SO registers of Fig.

13 could be eliminated.

Having dete rmined 
~~ 

~~T is also immediately available , because

in operation s involving ~~T, it is only necessary to manipulate the ele-

ments of P~ in the ri ght order to obtain the correct result. The next

step is to obtain (p~
Tp~

)_ 1 for the determination of

= c
Tp~ )

_
~~ c

T (6 .2 .1 .4 )

We can write

T
p~

Tpc = 
T 

(6 .2 .1 .5 )

~~2~~l ~2~~2

where

~i~ l = (6.2.l.5a)

!i!2 = L Pj lPi2 (6 . 2 . l .5 b )
1=1
NT r

!2~ 1 = Pi2Pil (6 . 2 . 1 .5 c )
i=l

T N 
2

!2~ 2 
= (6.2.1.5d)

i=l

It is evident that the implementation of the formulas above reqi~.ire
the multiplication of two variable vectors. This will also be true ~nr

other parts of the sys tem . The problem can be solved in a varie~~ of ~ a ,

which can be grouped into three categories :
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(a) CCD programmable transversal filters. This approach requires
the continuous variation of the tap weights in accordance with the varia-
tion of the elements of one of the two vectors . Possible implementations
for this appraoch are given in (48] and (49].

(b) A combination of CCD registers and analog multipliers . Four
quadrant analog multipliers have been designed with an area of only 250iim
by 125~jm , (so], (51], which would make it practical to integrate the ana-
log multipliers in the CCD chips .

(C) Analog multipliers (AM) .
Approach (a) does not seem appropriate at this time because it re-

quires a substantial amount of ancillary digital circuitry. Furthermore ,
the progranvnabie transversal filter described in (49 ] uses , in fact , ana-
log multipliers at each tap . These multipliers are implemented by means
of an MOs transistor operating in the linear region of the 1DS versus VDS
characteristic, and does not appear to offer a high degree of accuracy .
This does not mean that the technique could not be improved and used ef-
fectively in the future .

The implementation using analog multipliers requires more devices
than that using a combination of C~~ ‘S and analog multipliers , although
its architecture is relatively simple. Furthermore , because most of the
processing is done in parallel , the processing speed would be limited mainly
by the upper operating frequency of the analog multipliers.

The most promising approach using CCD ‘s seems to be the combination
of CCD ’ s and analog multipliers. This implementation will reduce the num-
ber of components ; however , for a given scene sampling frequency some parts
of the system will require a much higher clock frequency.

In most of the steps that follow for the implezrentation of the total
af fine parameter vector a , block diagrams of subsystems using the approaches
(b) and Cc) will, be presented.

In Figure l4a , the CCD-AM implementation of PcTPc is shown . Notice
that two pt/so registers , three AM ’s and three transversal filters with
unity tap weights are necessary . For the AM implementation , Figure 14b ,
3N P.Ms plus 3 summers are required. Figures 14a and l4b also include the
necessary blocks for the inversion of p~

Tp0.

_________— 
~ ~~~~~~~ .1,a~~. -~~~ - ‘ - -

~~~~~ ~~~~~~~~~~~~ ~~
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In Figure 14 we have defined
N N2

T —l ~~~~~~~ Pj 2 —
~ PilP12

~~c P~ ) “i J i l  i 1  (6.2.1.6)
~~2l q22j l N N 

2
~~~~~~ ~i—i i—l

where v1 is the determinant of PCTPC.
The four elements of this matrix and the 2N elements of the P~

T ma-
trix are now available in parallel form (Figs . 14 and 13, respectively).
The pseudo inverse of 

~c’ Pct (pcTPc)_ l PcT can now be computed. It is

(~ c
TP c) _lPc

T g rQll Q~2 .... Qij J (6.2. 1.7)

1P21 Q22 ....
where , for the first row

Qij ~- (Pji~ P
~2Pj2Z PijPj2)’ 

j—l,2,...,N (6.2.1.8)
1 ~~~ i—i

and for the second row

Q2j ~
(
~2Z Ph-P

~l~ PilPi2’’ j~~ ,2, . ,N (6.2.1.9)
i—i

or ,

Qij pj1q11~pj2q12 (6.2.1.8a)
j—1 ,2 ,... ,N

Q2j = pj2 q22~pj1q12 (6.2.l.9a)

The CCD—Al4 implementation is shown in Figure l5a. Two Pt/SO regis-
ters , two SI/PO registers , four AM ’ S and two susuners are required . The

are available in parallel form from Fig. 14b and the vectors !1T
and ~2T from Figure 13. The analog multiplier implementation , shown in
Fig. l5b , requires 4N AM’ s plus 2N s~~~ ers .

At this point it is convenient to note that although it may at first
sight seem convenient to expand matrices such as PcTP~ and try then to im-
plement the TSVIP in terms of the elements of the expanded matrices , this
is not definite . A littl, matrix algebra shows that for the first element

-u ~
,.

~~-_ _ - .- —~,-——.-~~~~~~—.—-.————. — -
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0c p ~~ ip T~ ~~~ TC ~~ C C’ C

1 N N
Qu ~~‘(Pll~ P

~2~Pi2~ 
P~j,Pj2)1 i=l i=l

according to (6.2. 1.8) . Neglecting the determinant v1 (for the moment)
and expressing the p ’s in terms of Xij ’s and fi j ’s:

N
Ql,l, ~ (x1jfj1+x12fj2) (~ (xj1f~2—x~2fj1)21

i=l
N , , ,

— (x11f12—x12f11) [~ (x~1f~1+x~2f~2) (x~1f~1—xj2f~1)]
i=l

(6. 2.1.10)

From this expression , and recalling that the Xii ‘S are constant coefficients,

we see that each element would require 2 (l+N) multipliers for the AM imple-
mentation or a total of 2N(1+N)2 4N+4N2 for the 

~c
’
~
’ matrix. This is cer-

tainly much higher than the 7N+5 AM’s required by the method of equations
(6.2.1.6) and (6.2.1.7) . A similar situation develops for the CCD-AM im-
plementation .

Having obtained 
~~~~ 

the next step (formula 6.1.5) is to determine
p~~ where the subindex N is used because the matrix is NxN , 

~ N

is

(PuQlll’P12Q21) (PllQ12~Pl2Q22) (PuQ1~r’Pl2Q2N)

= (P2lQ1l~p22Q2l) (P21Q121-P22Q22) ~~2lQlN~P22Q2N~ 
(6.2.1.11)

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

From (6.2.1.11) it is obvious that an AM implementation would require 2N2

AM’s plus &2 summers. This is an excessive number , and for this particu-

lar operation it seems logical to consider only the CCD—AM implementation ,
which , as shown in Fig. 16 requires only 2N AM’s, 3 P1/SO and (N-l) SI/PO
registers and N summers • A potential problem can arise due to the high

frequency required for the SI/SO registers (see Section 6.3) .

I— ~~~~~~~~~~~~ 
- - -_____
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From (6.1.5) and the definition of 
~N 

given in (6.2.1.11) , we have

C = [i -
~ PN]G (6.2.1.12)

If the N summ ers in Figure 16 invert the input, then 
~~~ 

is obtained ,

instead of 
~~ 

If one unit is added to the 
~Mjj 

element of each column

of PM at the output of the column registers , thai [I - PM] is obtained.
Define this NxN matrix as

~ii 
S12 .... S],N

~21 ~22 
•~~•~ 

S2N ~(~~‘~N l  = S = = (6.2.1.13)

T5Nl 5N2 ~~~~~~~~

Then C S x G is an Nx2 matrix given by

N N

~ ~li~i1 ~i~ l i~ 3.
N N c _I,1 C 12
~ s2~ f~ 1 ~ s2~ f~,2

C = S X G = i—_I. i 1  C 21 C 22 (6.2.1.13)

N N
C 1~j , C N2

~ ~~i~ii ~ ~Ni~i2i=1 i=l

Again , each element of the matrix requires the sum of N products,
which means that the AM implementation would require 2N2 multipliers .

The CCD-AM implementation of C is shown in Figure 17. This is the
most complex structure required until now with a total of M+2 P1/SO reg-
isters , 2N transversal filters , and 2N analog multipliers . Still , the to-
tal number of devices required is much smaller than that required for AM
implementation . As an example let N 2 l  which requires 23 P1/so registers ,
42 TF and 42 AM’s which is a total of 107 devices, while for the all AM
implementation , 441 multipliers (plus 2N2 summers ) would be necessary .

Notice now from (6. 1.5) that the pseudo inverse matrix C~ is computed
exactly in the same way as P’. In other words, Figures 14 and 15 are appli-
cable to obtain C~ with the difference that the inputs are now
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Cl1 C12

C~~j  ~ 022

CN1 CN2

instead of P1 and

Recal l that if all sampling points are inside the target , p = f = S

and we have
d = p[ (k+1)T] — p (kT] (6.2.1.14)

where T is the sampling interval. The first part of Fig. 18 shows the

implementation of d by means of CCD registers and summers .

The matrix CT can be expressed as

- r~1 Cj2 .... CtN 1
C1
~ ~

, I 
(6.2.1.15)

LC2 1 C22

Hence
N 3.

~ c1id~
-, -I. i 1
b = C d  =- (6.2.1.16 )

N

~ c2j, dj b2
i=1

The CCD-AM implementation of this expression is, once again, much

more convenient than the one using AM’S only. The second part of Fig.

18 shows the implementation of (6.2.1.16)

6.2.2 Estimation of the Constrained Rotational-Dilation Vector, ~c

The expression for 
~~ 

in terms of 
~~~ 

G, ~
t and the scene differ-

ence vector 4 can be written in several equivalent forms , e.g.,

— (Pc~~Pc
tGC~)~ (6.l.7a)

— P0~d 
— P~~Gb (6.l.7b)

The matrices P~~ , G, C and the vectors d and b have already been imple-

mented, and consequently the implementation of a0 is relatively simple .
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It is important to note that no matrix inversions are required.

The best configuration is obtained if ~c 
is written

= Pct(d — Gb) (6.2.2. 1)

Then we have

~il 
f~2 fj1b1+fj2b2 h1

~~i 2 rbll f21b1 f 2b2 h2
Gb = h = . . I I = • = . (6 .2 .2 .2 )

: Lb2J
~Nl f i2 fNlbl f~~b2

Qu Q12” ~lN (d1—h 1)

P~~ (d h) = (d2—h2) ,, (6 .2 .2 .3)
a2

Q2i. Q22 Q2N (dN bN )

The implementation of is shown in Fig. 19. Notice that the com-

ponents of Pc~~ QT and are avilable in serial form from the P1/SO regis-

ters of Fig. l5a. The same is true for the components of G, ~j and ~~ from

the P1/SO registers of Fig. 13. Finally , the vector d is available in par-

allel form from Fig. 18. r~2iThis completes the implementation of a = 
~ 

J. As can be observed

by inspection of Figures 12 to 19, the use of C~~ ’s and AM’s makes it pos-

sible to implement the system without resorting to continuously programmable

transversal filters. The inclusion of AM ’s Ofl chip will probably guaran-

tee a higher degree of accuracy than the use of programmable transversal

filters such as those described in (49]. A block diagram of the complete

system is given in Pig. 20.

6.3 Sampling Rate and Other General Considerations

6.3.1 Sampling Rate

Assuming that the N samples at points xi, i 1,2,.. .N plus the 2N

samples at points Xj+~~1 
Xi÷~~ 2 (a total of 3N samples) are available in

parallel form , a knowledge of the focal length , f ;  the focal point to tar-

get plane perpendicular distance , Z , and the velocity of the target, vT,

___ _ _ _ _  

I
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in the target plane , allows calculation of the translational vector b (as-

suming that dilation is not involved) for the sampling interval T. This

assumes a sampling rate , f~ samples/second . With reference to Figure 21
(for simplicity we have considered movement in one dimension), assume

f — 50 mm , Z 100 in , vT — 9000 (mach 7.35)

Then

Z ‘T — 5xl0”4
~
biT 

(6.3.1.1)

The basic assumption for the main body of this work has been that the back-

ground varies (evolves) slowly. If for the chosen sampling rate Abj is

very small , then we can certainly assume that

b(x,t1) b (x,t2)

Here , once again , recall that b is the target translational vector, and
b(x ,t) is the background function .

With the figures given above , the speed in the image sensor plane

is

5xl0 ’4x9xl0~ 4.5 Km/hr

or

V j~ — 1250 nun/sec

This appears to indicate that a sampling rate (for all pixels in parallel)

of F—i MHZ is adequate. Then

1250
bjk+l bik + 106 nun

= b j k + l..2S~~
mm

The target (in the target plane ) will move by a distance

9xl09 1
~bj T 36OO .j ~~. = 2 . 5 mm

The elements of an image sensor device are extremely small. For example

the Reticon MC520 lOOxlOO matrix camera has a distance of 6O~zn between cen-

ter of elements . The Fairchild CCD211 area image sensor has 244xl90 elements
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with dim~rtsions of l4~a horizontally and 18 m vertically. For both cameras,
the change in b in the image sensor plane , ~bj l.2Sua, is less than one
tenth the smallest ~iim’~nsion of the element , which means that aU the as-

sumptions and approximations will be amply satisfied. Obviously, if Z>lOO

a and/or vT c9000 Km/hr , a better situation will exist. Taking now the oppo-
site extreme of a very short distance , Z — 1 a, and a very low speed, 

~T 
—

5 a/sec , v~,5 — 0.25 a/sac, A~j  — O.25ian which is even a better estimation

than the other case .

6.3.2 C~~pat.ibi1ity of CC) ‘s, AM ’s and Assumed Sampling Rate
For the assumed sampling rate of F—i MHZ some of the CC) devices and

AM’ S will have to work at a frequency of H.P. Assuming a lOzlO sampling
lattice (which once segmentation is achieved will be more than enough), N -
10 and these devices will have to operate at 10 MHZ. With presently avail-
able technology this operating frequency will represent no problem for the
CC) devices , [52]. Integrated analog multipliers are presently available
with bandwidths of only 1 MHZ , although the availability of 10 MHZ hybrid
multipliers , [53], seems to indicate that IC AM ’ s with a bandwidth in this
range will be available in the near future. Finally , some SI/PO registers
require a clock frequency of N2F , which for N l0 , F—l MHZ will be too high
for presently available CC) devices (see Fig. 16) . However , peristai.tic
CC)’ s with operating frequency of more than 135 MHZ have been reported in
the literature (54].

In conclusion , a CC) implementation of the TSVIP appears to be both
possible and practical. For a sampling rate of 1 MHZ and lattice size N —

10, some presen tly avai lable AM’S and Ca)’ $ may not provide the necessary
performance . However, a prototype can be constructed with a lower sampling
rate F — 0.5 MHZ and n — 5 , which will result in a highest operating fre-
quency of 12.5 MHZ for the CCD’s, and of 2.5 MHZ for the AM ’s. Alternately,
the trac d.ng velocity can be reduced to make operation easier to achieve .

• - - - f- -~• - -.
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CHAPTER VII

SIMULATION

The computer simulation described in this chapter was initiated in

order to veri fy empirically the preceding theoretical results, in partic-

ular the validity of the TSVIP algorithm. The interactive video tracking

simulation program developed is also useful as an empirical research tool .

Using simple analytic functions to represent target texture , simulated

TSVIP algorithm performance is shown to follow theoretical predictions very
closely.

7.1 Program Description

A detailed flow chart and listing of interactive video tracking pro-

gram TSVPD is included in Appendix 5 • Smooth analytic functions are used

to simulate the target textural function , thus this function may be perturbed

exactly via the af fine transform. smoothness was necessary in order to

permit estimation of spatial derivatives using a simple difference approx-

imation. A 2lx21 scene is used , and background and scene noise values are
- • taken from normal distributions. The program computes the original and

perturbed scenes in accordance with the model of Section 4.3 3, and then

uses scene differences and the TSVIP algorithm (emulating the CC) implemen-

tation of Section 5.4.4.3) to estimate target perturbations. The program

itself is well-documented through the use of extensive comment statements

and the flow chart of App . 5. However , for illus tration purposes , a simp-

lified flow chart of program operation is shown in Figure 22. There are a

total of 25 parameters or options which must be input , and these are described

in the program listing.

• 7.2 Simulation SImunary

As ~nentioned, simulation was undertaken to verify theoretical deri-

vations , particularly the validity of the Taylor series approximation

and estimation algorithm implementation using Cline ’s theorem . There-

fore , no extensive parameter or sensitivity analysis is presented. A

- - - - - --. ~~~~~~---- --~—~ 
- 
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~~ooss Spatial S~~~U.ng Intar7al , Target Boundaries,
Background Statistics and Scene Random Noise Statisti cs.
Form Initia.1. Scan. , p( 1~ O ) .

-I,
Choose At fin. Perturbation Para meters A (O ) and ~~(0) .
Form Perturbed Scans , p (UT) , and then Difference Scene ,
d(~~ T) .

1~
Choose Single Window Function or- Gssta.lt Segmentation
~~tion.

‘I,
Choose Sampling Strat.gy , i.e • ,  X. Form Di.ffsrsnce
Vector , ~ (T).

Estimate Spatial. Derivatives from p (~~0), i.e., G(0).
Form D (O) .

~1~
Apply CC)-Iaplsmentabl. Version of TSVIP Algorithm
t~sing C1.in.’s Theorem. (eq. 5.4.4.3—25). Compute ~ (0).

1~
c~~~~t. e and s from ~~~. ~~~~are Exact and Estimated
Parameter Values and Compute Errors .

Figure 22
Flow Chart of Intaractivs Video Tracking Simulation
Program TSVPD

_ _ _ _ _  
_ _ _ _ _ _ _ _ _ _ _ _  

I
— ____________
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n~~ ber of typical samp3.. cases may be used, however , to confi~~ the

—S

~~lssa otherwise noted, the following data was used to obtain the

graphical data shown:
(1) Target Textural Function—

- f c~;o) — ~~~~~~~ 
~5 j ~~2~~1 + 0.3jA] (7.2—1)

(2) Spatial Sampling Interval—

A — 0.2 “sensor units” (Approximately lOX
the Nyquist sampling
rate )

(3) Background Statisti cs-—

b(i 0 )  ~ N (4,l)

(4) Target Outline—

Square ; l6~xl6~ (Borizonta.l X vertical
Mi~~r~sicns)

An important si~u1ation result is a c~~~ axison of exact and esti-

mated target translational parameters , i.e., b and b. Figure 10 com-

pares actual translation parameters and TSV~~ algorithe estimates for

the case of ~ — 1.0 and e — 0.0 (i.e., th. target does not experience

rotation or msqi~ificaticn) . Two points should be noted:
(1) The segmentation window was manually chosen such that only

target interior points wars sampled , and

(2) For simplicity only the first cceçonents of the exact and es-
timated b vectqrs are shown , however, the actual exact. per-
turbaticas ware equal in the horizontal and vertical direc-
tions, i.e., bj — b2, and the results for hi and b2 are simi-

lar.
As shown in Figure 23, the TSVIP algorithm psrfo ance is quite good for
b,_ <0 • S • Not that as the target perturbations increase in magnitude

the estimates ~~rsan , as predicted in Section 5 • 4 • 6 .2  • It shoul d also

be noted that this empirically—obtained I/O function is approximately - - -

- 

~~~~~~~~~~~~~~ 
•
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b1 (estimated)
.6 

/
.5 /

/.4 
/

.3 7’

.4.2 /
. 1/

I I I I I t I I I I I
— .6 — .5 — .4 — .3 — .2 — .1 .1. .2 .3  . 4 .5 .6

/ b1 (exact )
7.1

‘- .2
/

7 -.3
/ 

Notes :

- (1) A = 0.2 (Spatial sampling
interva l)

• 
/ (2 )  Jb~ j ~~3A

— .6 ’

Figure 23

TSVIP Algorithm Translational I/O Function (E~ 0.0; ci l.0)
(Othe r Parameters in Text )
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linear , a very useful fact for c1.osed~loop s~ahitity analysis , Obvi-

ously (in this figure and the following) , the dotted line shown with a

slops of +1. represents the ideal or errorw~free tracking processor I/O

function .
Perhaps an even more interesting case is shown in Figure 24 , where— — .97 and 9 — 30 (i .e. ,  in addition to translation, the target expe-

riences rotation and dilation) , The TSVIP translational estimate accu-

racy in this case is virtually unchanged from that of Figure 10, in

other words , the TSV~~ algorithm is empirically shown to be insensitive

to rotation and dilation. In fact, this empirical result has been veri-
fied (for this sample function as weLt as several others ) for cases

wherein —1 J — .1. and 91<10°. These empirical results therefore con-

firm perhaps the most important tracking algorithm design goal mentioned

in Section 2.1, i.e., insensitivity to rotation and dilation .

Clearly, the TSV~~ algorithm based system is a MIMO system , since
there are four sca.iar I/O functions, i.e. ,

(1) 
~l ‘5. bi;

(2) S2 vs.
(3) 9 vs. 9; and

(4) ~~~~

The empiri cal results for all four I/O functions were found to be simi-

lar , e.g. , Figure 25 shows ~~vs. 9 for the case of b1 — b2 — 0.1 and— — 1.0.

An cbvious practical consideration is the effect of random scene

noise (as distinguished from inexact segmentation which causes back-
groun d data to be processed and results in a different type of process

~noiaew) on the TSV~~ algorithm estimates . A sample of this type of em-

piricai. result is shown in Figure 24. In order to simulate the type of

noise process described in Section 5.4.6.3 , a zero mean , normally dis-
tributed , independent random process was generated and variates with

negative values were discarded. Thus , additive scene noise was there—
fore always positive , originating from a truncated normal. distribution . 

- —--~~~~ --~..- r

~~~~~~~~~~~~~ ~~~~~ ~
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(estimated)

6. . p

.5

. 4 ’  /

. 3 .

/
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.1 //
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Figure 24

TSVIP Algorithm Translational i/O Function (9— 3.O~~~z—O.97)
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e (estimated)
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Figu re 25

TSVIP Algorithm Rotational I/O Function (b1—b2= .1; a’ l.O)
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As shown in Figure 26, this type of additive noise affects the I’SVTP al.-
gorithm estimates considerably. Prom Sections 5 , 4  • 6 1  and 5 .4 .6 .3  this
is to be expected for two reasons:

(1) The TSVIP algorithm requires the estimation of spatial deri-
vatives. This was done in program TSVPD using a simple dif-
ference equation (i.e., Equation 5,4  • 6.1.1) , which is known
to be a noise-sensitive approach ,

(2) The TSV~~ algori thm, due to the inherent model approximation ,
operates on small scene-to—scene pixel intensity differences.
Therefore, in noisy scenes the problem of ni erical. cancella-
tion (c.f. [35], p. 28) may occur .

In order to determine empirically the overall contribution due to each
of the above error sources , Figure 24 also shows the TSVIP algorithm es’-
tintates obtained by using error - free spatial derivative data . Clearly ,
the estimates axe significantly improved , and therefore the co~~~ nts
made in Sections 5.4.6.1 and 5.4,6.3 are verified.

It is also useful to consider the alternative version of the
tracking processor described in Section 5 • 4’ 4,4.  This approach (Equa-
tion 5.4.4.4-3) yields a somewhat simplified algorithm which only esti-
mates translational pax~~~ters and models target rotation and dilation
effects as noise in the estimation process • As mentioned in Section
5.4 .4 .4 , however , this type of model may yield biased estimates. This
reasoning is empir ically confirmed in Figure 27 , where target dilation
and positive or negative rotation are shown to cause a bias in the algo-
rithm translational estimates, As predicted by (5.4.4.4-4) , for con-
stant - and 9 this bias is also constant over the range of b considered.

As mentioned in Section 5 .4 • 5 ,2 , an addi tional error arises in the
TSVIP algorithm when the segmentation window is too large and pixels
from other than the ta rget interior are sampled , This effect on TSVIP
algorithm translational estimates is shown in Figure 28 , for two cases
with differing background noise statistics , Here the segmentation win-
dow was chosen 25% larger than the maximun permissible value , therefore
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Figure 26

Effect of Rando m Additive Picture Noise on TSVIP Algorithm
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as mentioned in Section 5.4. 5.2 , difference values and derivatives from
“uncovered” and “covered , W and background regions are processed. As
shown by Figure 28 , algorithm performance is not good, however, it is
interesting to note the significant difference, in accuracy between the
cases where b(~~ 0) “ N(O ,0) Ci..,, all “white ” background) and b (i’ O) ~~~

N(4 ,1). Performance is significantly better for’ the case of a “whit.”
background , and it is felt this occurs due to the background homogeneity
and the sharp target/background edge. In this case the algorithm actu-

• ally uses edge information correct ly in determini~ig target perturbations
• (neglecting the relatively insignificant bias due to background pi~~ls)

In the case where b Ci ;o) ~~~ N (4 ,1) the independence of the background
var iates causes large errors in derivative estimation . Also , the rap-
idly (spatially) varying background causes difference scene pixel. inten-
sities and spatial derivatives to lack correlation , therefore (5.3.1-7)
is not even approximately valid over this region ,

F~-nally , an empirical example of the Gestalt segmentation tech-
nique is presented in Figure 29 . For this case an ~ Xl6~ target was
chosen , and Gestalt segmentation windows with dimensions of 4A X5~ were
used . Despite the fact that each window only contained 30 points , good
results were obtained, as shown in the figure . For this case the exact
target perturbational parameters were~

~~— 1 .0

e 0.0

t2 — 0.0

As shown in the figure , the three types of estimate s predicted in Sec-
tion 5 • 4.5.2 axe obtained . Obviously, for windows wholly con~~in ing
background points the estimates indicate no measurable perturbation.
Furthermore , for windows encompassing ta rget edges , the estimates m di-
cate either very slight perturbations (due to a majority of background
pixels and lack of a sharp target edge ) or large perturbations (due to
large differen ce scene pixel intensities and erron eous derivative

- 

-
~~~~

-
~ Y 

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
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estimates resulting from the “covering” or “uncovering” of the back-
ground) . These estimates axe easily distinguishabl. fr om those obt~in.d
using windows wholly cont~{I~t~ig target interior points. These latter
estimates, as shown in Figure 29 , are in excellent agreement with the
exact target perturbationed parameters

Finally, since the aforementioned simulation utilized a scene of
relatively wall iiin.nsions (in real applications 256x256 to 5l2x512
pixel scenes axe expected) and relatively slightly textured target func-
tions (due to scene A(~ ,v,sion and derivative estimation constraints), it
is expected that algorithm performance in actual applications may be
somewhat better , as a result of a considerably larger n ber of pixel
samples and much greater variance in the target texture,

-

~~~



I
113

(~IAPTER VIII

CONCLUSIONS AND SUGGESTIONS FOR FUTURE STUDY

A suitable algorithm for tracking in realistic situations consis-

tent with using small portable hardware has not been found , so it has

been necessary to do research on algorithm development. The TSVIP al-
gorithm presented herein is a novel , CCD—implementab le (with the possi-

ble exception of some analog multiplication) and temporally efficient

approach to the realistic real-time video tracking problem. By capital-

izing on successive scene temporal dependence and tar get texture , the

algori thm estimates target rotation , dilation and translation parameters.
High order matrix inversion problems are circumvented and a simple CCD

implementation is achieved in the estimation process by employing a matri x

pseudoinverse formulation theorem [30]. The TSVIP approach is potenti-

ally advantageous in complex scenes where the target/background separa-

tion problem is complicated or time consuming , since the algorithm may

be used to qui ckly update the segmentation window or (if applied in paral-

lel over a n umbe r of sub—scenes ) to classify group s of pixels as members

of the target or background sets . Computer simulation using smooth ana-
lyti c functions to represen t targe t texture confirms the validity of the

CCD implementable version and these empirical results suggest an approxi-

mately line ar input-outp ut function for the resulting tracking processor .

Some obvious and desirable extension s of the research reporte d herein

are as follows :

(1) Since the TSVIP algorithm essentially ignores target edge in-

formation , further study should be undertaken using the model

of Section 4.3. 3 to determine if thi s information is estimable

(with a reasonable processor complexity ) and useful for track-

ing purposes. If so , it may be possible to process both tex-
ture and edge informat ion in parallel to generate more reliable

tracking signals . Note that this might also permit easing of

target textural constraints .
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(2) Derivative estimation techn ique s , especially those which are

CcD—implement ab le and reasonabl y noise insensitive , should be

investigated .

(3) Simulation using actual scene data from maneuvering targets

should be undertaken to further confirm the validity of the

TSVIP approach.

(4) TSVIP algorithm sensitivity to CCL implementation , particularly
with respect to dark current and transfer efficiency effects ,

should be studied.

(5) In the TSVIP algorithm , only the pixel intensity differences

from two successive scenes are utilized to estimate a. The

possibility of using more than two scenes should be investi gated .

(6) In situat ions where a high re liability system is desired ( e . g . ,

military applications ) the possibility of using several differ-

ent algorithms in paralle l, together with an estimate weighting

scheme should be investigated.

There is a very large amount of research that can now be defined

for tracking based on image analysis, but the most importan t step is to
construct a simple experimental system and that is what we proposed to do
during the next year. Such a system should emulate as closely as practi-

cal (or simulate ) the technology to be used in actua l systems . The system

will allow tracking algorithm development and testing and provide a means

to start tying together the hierarchy of decision and control algorithm

that will be necessary for a practical system.

The development of the TSVIP tracking algorithm has made it practi-

cal to consider the use of a microcom puter as an aid to CCL implementation ,

or even as competition to CCL implementation . Work is in pro gress to ob-

tain experimental results based on the implementation configurations dis-

cussed in Chapter 6, while alternate possibilities are also being pursued.

The sequential (iterative ) solutions being considered are especially in-

te resting .

Two papers have been written and another is being planned . The pa-

per, “Algorithm Development for Real-Time Automatic Video Tracking Systems”
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will be given at COMPSAC in Novembe r as an invited paper and “A Model and
Tracking Algorithm for a Class of Video Targets ” has been submi t ted to the
IE EE Transactions on Patte rn Analysis and Machine Intelligence for publi—
cation .

_____ - - - ~~~~~~~ - - . . . - ~~~~~ - ‘ - -
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Appendix 1: Af fine Transform Summary

(a) Mathematical Backgroun d
The 2—D af fine transfo rm has been used previo usly to model small

target function perturbations (e.g. , see Mostaf avi and Smith [40—41].)
While a detailed description of this transfo rm may be foun d in Gins
[42 1, a brief snni’nary is presented her e . Basically , the 2-D affine
transform represents a linear operation on the arguments of a 2-D func-
tion as follows ;

For a picture function of the form

~~c~j  (A. 1 2)
~~~~ LX2J

the general affina transformed version of this fun ction is denoted by

p (x) — p(x ’) (A.1— 2)

where

— Ax+b (A. 1—3)

It should be noted that both A and b may be functions of time. Thus ,
the af fine transform , with resp ect to the indices of p Cx) represents a
linear transformation of the plane onto itself,
Expanding (A. 1-3)

~~~i r~ ~i r ~n rbll
k J - Lc dJ Lx2 J + Lb2J (A. l’ 4)

A is denoted the homogeneous affine transform matrix, and ~ is the
trans lation vector • Two well known versions of the homogeneous af fine
transform are :

A - r~ 01 (dilation) (A,1-5 )
L0~~~J

A - rcose -sinol (rotation about the
Lam e coseJ origin throug h an (A.1-6)

angle , 0)

Another isportant case is where A I , and 

~r’.7~-S-— — — .---—



-. - — - -

A-2

b — I I (simple translation ) (A. l.—7)
L~2J

Coe importan t result , which is quite useful for image tracking

purposes , is the transform representation of a rotation through an angle
0 about a point , (h ,k) where (h ,k) # (0 ,0) .  This type of affine trans-

form obviously will not leave the target centered in the FOV of the cam-
era , therefore it is an important point. Gins (42 ] has shown that this
rotation may be represented as:

~~ -h~ ~~os9 -5i~~~ r~-~i[_xI-icJ 
- 

{sine coseJLx2-kJ (a.l-8)

which may easily be simplified to:

rx~ pose -sinai F~i ~ cose-l) -sinai P1Lx~J - Lam e ccseJ Lx2J - L ame (cos$.-]jJ Lki 

(A.l-9 )

This expression represents an equivalent rotation about the origin
(first term) and translat .on (second term) . The translational term is
obviously of importance to the tracking system. Two additional points
should be noted:

(1) Combined aff ins transforms , e.g. , a rotation followed by

translation, then another rotation , etc., may also be repre-

sented by a resultant affine transform of the form in

(A. l—2) .  However, the order in which these transforms occur

is siqn.tficant since the result of a rotation followed by a
translation is not necessar ily the same as if the transform
were instead the translation first , than the rotation • This
does not affect the model developed in Section 4.3 • 2 , or the.
ultimate processor , however , since the system will only need
to estimate the resultant rotational and translational param—
eters (A and b ) ,  not the individual rotations.

(2) Since the aff in. transform operates on the target function
arg uments by essentially changing the coordinate axes , A and



— . 3;
I )

A- 3

b actually affect the target function in the inverse way as
the coordinates , e.g. if

r.~ °1
A 1  I;

L 0 .9]

we would actual ly see the picture functio n magnified by a fac-
tor of 1/0.9 in both directions . Likewise , if A represents
a rotation of 9 on the coordinate system , the picture function
is actually rotat ed by -S. This fact is importan t in the gen-

eration of proper polarity of control signals .

(b) Af fine Tr ansform Examples Using Sampled Scene Data
Using the computer program describe d in Chapter vi of Appendix 5 ,

numerical examples of af fine perturbations were generated . An lx i f tar-
get was chosen , and background pixel intensities are set equal to zero , for
clarity. Figure 30 shows examples of dilation , rotation and translation.

_ _ _ _ _  

/
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Appendix 2 s . Multidim.T~sional Fourier Transforms
and Effects Due to Affine Perturbations

The Fourier Transform of a 3-Ci function may be written as

7. fp(z;t ) ] ~ ?(u ,w) J pCx;t) e15i2Tf~T sW) ~L] dxdt (A,2-’l)
X,T t

where X and T are the regions in 2-’D space and l-D time over which
p Cx ,t) j

~ 0. Note that the integral sign represents a 3-fold integral,
Letting

p’(x;t) p( .x’~t) (A.2-2)

where

A(t) x+b (t) (A.2-.3)

it is useful to consider the effects of the af fine transform on

?‘(u ,w) ~~~~ [p(x;t) J (A.2”.’4 )

especially if a functional relationship between F’ (vi.,w) and F (u ,w) may
be established . By definition

F’(u ,w) J p1(x;t) e_j 2T(!~
T sw 1 

~—j dxdt (A.2~ 5)- X” ,T’ t -

A change of variables is made as follows:

H rx~ fict) o lrxj IL (t) 1
— I — —

~~— J I ~~~~I+ I— I CA.2’-6 )
LtJ La ~.1LtJ L O J

and

dx’ — D’dz (A.2.7)

where D is the Jacobian of the transformation, i c ,

0 — fdet  AC t ) (A .2—e)

It is a simpl, matter to show th. inverse transform of (A,2—6 ) , i .e . ,

rx l f l i ctj o~j rxi f~(t)1
— I—-’——————— I 1:_ i — ——— ~ CA.2— 9)

LtJ L °  iJ Lt J  L0J

________ — .- -- -
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Substitution of (A.2—7) and (A.2—9) into (,A.2-5) yields

F’(u,wl _ j . .i2ir~TA~l(t)b (t) 
~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~

(A, 2—l O)

Making the substitution

— 1ITA’hL (t) (A.2-U)

it is seen that (A, 2-lO ) may be rsducad to

ej2 irllTA”l (t)b(t)
F ’(u ,w) 4 4 4  

Id.t k(t)
I 

F f (AT (t) YhluJ. i21!Vtdt (A.2—12 )

(A.2—12 ) may now be used to show a variety of effects of the a.f fine
transform on the Four ier transform of the pictur. fun ction . Some special
Cases are ;

Cl) ACt ) — I~ btt )

in which case

F ’(ia ,w) only differs from F(u ,w) in phase s

and
(2) b ( t ) — O  and

f~
ose -sinelr 71(t) 

~Lsine cosej

in which case

— ACt)

since A is orthogonal. Thus , we rotate th. coordinate axis in Fourier

space through the cam. angle as in the signal. or pictur. space .

Equation CA,2-12 ) is ’ also extr.aely useful in that it easily en-
ables calculation of affinsd-perturbed function spectra when the ~mp.r-

turbed spectra are Ja~own, Recently Nathan [44] has derived a special

case of (A ,2—].2) for 2—0 fun ctions where b Q.
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Appendix 3: General Least Squares Estimators

A particularly important parameter dependent (linear in the param-

•tars ) process, corrupted by noise , is of the following form:

(A. 3—] )

where
y is the Nxl process “output” vector;
0 is an N~dI 1~~own , measurable or calculable matrix~
b is the Nxl parameter vector to be estimated (denote this esti-

mate by b);  and
is an Nxl “noise ” vector .

It is desired to estimate b, with the following constraints on the
estimate :

(1) b M~ linearity
(2) E{b} — b uthiazedness (A .3—2)
(3) Cov{~~} — ~~~~~ 1” or pezhnps minima.l

in s~~ sense.
Note that (1) is intended to enable C~~ implementation, provided

that 14 may be also formed via C~~ type operations .
It may be shown (Eykhoff (33], Dsutsch (45]) that the estimate

which ~~~~~~~~ a loss function of the type :

IIZ~~IIR
in accordan ce with (1) is of the form s

b — M y  (A. 3—3)

where

14 . (A.3—4)

— (UTR~) ’~~UTR

i .e . ,  14 equals the pseudoinverse of U , based on an a norm , denoted by
.1.

U~ . Assuming that U and ~ are statisticaLly independent , (2) may be

. . ~~. .  - r-r1 rIjr-~~” -

~~~~.
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satiafi.d, since

B(S) E( (~ r~Ø) ”l0TW3b } + E{ uTãurloTa~ }

— b + E C( UTR~~) ’%TR}E (~~}

if either

E(~ ) — 0 or , (A. 3—5) )
E( (UTRU) ’%TR} — (0] (A.3—6 )

Since (c.f. (33], p. 187)

ccv (b] E{ (Z4øb+M~—bj (140b_MrI_b]T}

44 (U~’RU) —l0T~~~~ (U’r~~) ‘
~~~

where

(3) may be satisfied by choosing R - N’~~ and therefore

a (Ø?14” lØy’] . (A 3—7)

which can be shown [45 ] to be minimum variance , hence efficient.
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Appendix 4: d ine’ s Theorem for the Fo ulation
of a Pseudoinverse of a Partitioned Matrix

The problem of forming an inverse of a rectangular matrix, A , with
specified properties has been studied by Penrose (46],  d~n. (30] and a

number of other researche rs • The pseudôinverse of this N~0( real matrix
A, is a ZCU1 matri x denoted by At . Examples of desirable properties are :

AA ’A - A
4’

~~~~~~ tA A A  A (A.4— l)
(~~~t)T —

It is well known that if A has full colum~ rank, one inverse of consid-’
erable interest is the so-called least squares inverse denoted by

(A.4—2)

The properties of this solution are considered extznsively in references
on least squares estimation , interpolation , etc • One important note of

particular importance to the present work is that the formulation of

this pseudoinverse requires the inversion of an 1~DU4 non-singular matrix
(or converse ly, the solution of the so—calle I normal equations , which

are also of order N ) .  While ni.~~ rous successful algorithms for the so-
lut ion of this problem on the digital computer have been known for a

long time , the adaptati on of these algorit hms for the C~~ or discrete
analog computer is very difficult. This is at least partially due to

two factors s
(1) In solving the normal equations , Gauss ~~ ~~~~~ ‘~aUon require s

extensive division and may req uire row e~cKanges , which are
difficult operations in the C~~ impiementation~ and

(2) If the inverse of (ATA) is computed directly, a • g • ,  via Cram-
era rule , the memory requirements and calculations become ex-
cessive.

dine (30] studied the problem of computing the pseudoinverse of



A—b

partitioned matrices of the form:

A — (u ~ v] (A .4—2 )

Basically this solution is as follows :

For a parti tioned ~Ix (R+ CM-a) ) matrix

A a (u vi

• V ] ’  ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ (A.4—3a)

Lct+ I~ctc v t D Tu~ I_vc~ J .
where

C (1_~~ t )~~ (A. 4-3b)

X — (i + (I_CtC)VT (U t ) TUtV(I_ CtC) ~—l

Although at first it may seem that the c~~~lexity of the above equations
severely Limit their utility, two c’~~~~nts axe in order:

(1) The for~u1~tion of U~ , Vt and X require matrix inver *ions,
however the order of these inversions is significantly re-
duced, a • g. ,  ~ is only an (N-R) x CM-a ) matrix; and

(2) In Section 5.4.4 3 it is shown that if U and V have cert ain
advantageous properties (wt~ich the matrices P~ and G in fact ,
do possess) that considerable reduction in the complexity of
the preceding equations may result.
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Appendix 5 ..i - Fiow C~ar~ f~ r ? r x ~ra n  TS’.’PD and Su,brc~utir.es

c~ T TS7?
~D 

_ _ _ _ _ _ _ _i r C ~~~~n
_ _ _  _ _ _ _  

i i  GAUSS
I (BDEV , 3~’.,

/ IN?~~ OPT~~ N / L Ti)/ l :CoNT;2 :3C~ P/
/ 3:OL~ ~~~i~~~~~~j

I [ 
~~~~~~~~~~~~ = :1 

1

t / INP UT RND
/ :P~T SPAT:AL / /sc~~E NOISE ,

/ ~~~~ SNDEV/ 
I • L~i_ _ _ _ _ _ _ _ _  — ._1 DO 3”l ,~i1

NUMC.A.L = 0 J 1’ [ K l ~ 2 l J

_________________ CALL GAUSS
IT , -e (SNDEV , SNM,

CALL I TØ)
TARGet I

FORM ?~J ,X )

I is
_____________ 

YES

I NO

IJ CAL L I P (J ,K) F ( J ,K) L~~1(J ,K ) + ( 1 LAM ) ‘BACX(J , K)

(H EICT , I

_ _ _ _  

1 2
9A~~ - I L — — — — — — —~ 

E’W~’ 1
/ ~RC~ND ME AN / LOOP

& ~T. ~E / .  
~~~/ ~~ E~~~J

k:~ 1
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Y I
_ _ _ _ _  

I 
_ _ _ _ _ _ _ _ _ _ _ _

/ 
INPUT ~~~~~~~ / I 1P1 (J ,K) F (J ,K) LAM(J ,x~÷ ( i -M.3AcK(J ,Io1DISTORT . ?ARAM

,
f P( J , K) Pl (J ,K) +TØ

~~, 9

_ _ _ _  

I ‘I,
END ITRANSL. VECT

j 1
/’ L — — — — — — •‘{_ LOOP

/ 

INPUT THE

31, 32 _______

3I A ( 1 ,1) = YES PRINT57.3 PRINTI A ( 2 ,2)  = A(l ,l) P ERTU RBED3 SCENEI A (1 ,2) = ~~~~ DATA SCENE
[A( 2 , i) = -A (1 ,2) DATA?

_____________ 

NO

[ NIJMCAL 1 DO

r 1 = 1 ,21

I 
CAI.I. TARGET 

- 3 = 1 21
FORM MCDIFLED I P 1(1,3)F (J’ ,K)

I PI( 1 ,J) — 2( 1 ,3)

I CALL LAND L. — ~~~~
FORM MODIFIED LOOP

I X FcN.

I~~~~~~~~3

I d=1 ,21~~~~~ — — I 
IND~~Q 0

OR
K—i ,21

__________ 

ESTAL

_ _ _ _  

I W

~~ I c~i.i~ GAUSS I I I INPUT WINDOW
I (SND EV .. SNM , 

I I LIMITS : JMIN ,
TØ) I I JMAX , KNIN , KNAX

YES ~~~~~~~~~~~~ 
I

INPUT
ISKP M ,ISKPV

I NO (SAMPLING STRAT )
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c~i.r~ \ INPUT SEGMENT .
sANps \ wi~~ow DIM .

(ISI~~ff ,ISKPV )

[ 
FORM D , THE DIFF. CALL

VECTOR SAMPS (1,1)

CALL DVE CT

\
EST~~~~T . O;T

\ 

_ _ _ _ _

CALL DERI V
DERI V (IOPT)

X D0*( IND (I ,1)_ 11)
I =

IL,
PC (I ,l) X *DER (I ,1)+Y*DER(I ,2)

PC(I.2) = X*DER(I,2)_Y*DER(I ,1)

1
END

~~~~

- _______________ I
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_ _  
P

USE GRAMIAN TO DO 
8

DETERMI NE WHETHER K a ~ ,NUMVAL 
I

DC fP~~~~G ] HAS I
FULL COLUMN RANK I

I _ _ _ _ _ _ _ _ _ _ _ _ _ _  

I
I IPC (K ,1) = PC(K ,1)*V11+PC (K ,2)*V2 1 I

[Pc(x ,2 )  = PC (K ,1)*V12+PC (K ,2 ) *V 22 I
CALL
PSEUD

(GET ?c
t) 

18  I I
I END

_ _  

LOOP

DO 16 
_ _ _ _ _ _ _

= 1,NtJMVA
I 

DO
I l ,NUMVA

711 PCINV(I ,K) *DER (K ,1)+V11 
__________________________  

I
V12 = PCINV(I,K)*DER(K,2)+V12 PC (I,1) — DE R (I , 1) — P C ( I , L) I721 PCINV(2,K)*DER (K ,1)+721 PC(I,2) — DER (I ,2 ) — P C ( I ,2)
722 = PCINV(2 ,K)*DER(K ,2)+V22 I I

. . . ._ _ ] END 16 ~~ k L _ _ _ _ _ J
1 LOOP LOOP

_ _ _  ~1~1 D 0 17 I
J K = i ~NtJNvAj L c ~~~~ T~

Xl = PCINV(i ,K) *DIFF (K) +X1 ~~ 110
X2 = ?CINV(2 ,K) *DIFF (K)+X2 I 1,NUMVAL

I 1 7 1
— — — _J END I BEST( i) = PCINV(1 ,I) *DIFF (I )+BEST ( 1)

I ] [~ EST ( 2)
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AC( 1) = X 1_V 11*3EST( 1)_V 12*BEST(2)
AC ( 2 )  a X2—V2 2. *B~3T (1) —72 2 *BEST (2 )

I
AC( 1) AC(1)+ 1.ø

THETA = AC (2)/AC(1)
ALPHA ~ AC C1) *( 1.0+CTHE TA*THETA) /2 .0)
THETA THETA*57.30

I
= 3(1)-BEST(1)

52 = 3 ( 2 )—B EST ( 2)
ERROR = SQRT (512+E2 2 )

DISP~~fl
RESULT FOR

~~~~~~~~TI0N

‘I



A- 16

SUBROUTINES

1. Subroutine Target

START TARG 

~I) (~)
— 
sin(y/2.5) +2+0.3*y

3 a 1,21 — — — — — — —I
K l ,21

FUN1

X DØ~~(J—],1) I
y ~~~*~~j ..jj, j

I [F(J ,K) —

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

YES L 
IxP X*A(i , l )÷?*A(1 ,2)4.3 (1) RETURN
I X *A(2 , 1) +Y*A (2 ,2 ) + B ( 2 )  

4,

I
-
~~ I Y = Y P

4 , N O
sin x
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2 , Subroutine Lambda

(~~~ AR~~ I~~~~J 0
1~ I 

_ _

DO E~ L lEND [LI
[J_ 1~21 r —— ’ “J i~oop

K — 1 ,21

I 
_ _

X = DØ* (3-li) I 1~~ TURN~ )I = ________

1~IS YES L END )
NUMcAL=::

I XP =

[ 
YP = X *A(2 , l)+Y*A (2 , 2) ÷B (2)

YES IS

NO

j

YES 
ABS cy)>w*Dø

1 T 1 1

LAM(J ,K) = 

TiA
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3. Subroutine Sainps

(LAMPS (ISI~~HS , ISKPVS ))

4. Subroutine DVECT

I N t ~
VAL Ø1 

_ _ _ _

_ _ _ _ _  
(~~TART DVEC~)

K11
J — J M I N  

‘ 1K IC’IIN DO — - ~ 3=14, 
_ _ _

NUMVAL = ( 
INUMVAL+1 I

DIFF (J) = P1CIND (J ,1) ,IND CJ ,2)

______________  I 
_________

_ _ _ _  
xi — xi+i 

_ _ _ _  
I

K — K+ISI~~HS L — — — — — J END[LooP
4,

IS NO CRETURN )
K>KMAX?

YES 
~~ 1NDJ

I J — J+IS~~V$

4,
IS YES
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5. Subroutine DERIV(IOP )

START DERIV(IOP)) J
_  

‘I,
DC X DØ* (IND (I ,1)~~li11 ,NUMVAL 1 Y a DØ*(IND (I ,2 )_ U .

IOP=3 

~~~~~~~~~~ 
IOP— 2 

I ~~~~~~~~~~~~YES
1 D13  .0

Vi IND(I ,l)+1 7~ 
a IND(I ,i)+i I Di (SIN (Y / 2 .5 ) )/ (Y / 2 , 5 )+ 0 . 3 *y +2 , 0  I72 = IND (I ,2) V2 — IND(I ,2) I $

~ : 
~~~~‘ ;~ : ~~~ I ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~

VS = 72+1 V5 = 72+1 I NO
V6 72 76 — 72— 1
7 7 =  DØ 7 7 =  2 .0~DØ I D 2 ~~(CO S (X ) ) / X_ (SIN (X ) ) / (x * x) I

I 
®*IDERR (I , 1) = Dl *~ J

DERR(I ,i) a (P(V1,V2)—P(V3 ,V2))/v7 IS YES
DERR(I ,2)  = (P (V4 ,V5 ) — P (V4 ,V6 ) )/ V 7  

~ I Y=0? jD4—0.3 D

I I NO

I DP1 (COS (Y/ 2 . 5 ) ) / (y / 2 . 5)
END 

— 
DP2a CSIN (Y/ 2 . 5 ) ) / C ( y / 2 . 5 ) *y / 2 , 5 ) )

LOOP 4’
F I D4= (DP 1_DP2 ) *0.4+O., 3

CRETURN I) ~~~~~~~~~~~~~~~ 
‘
~ 

D3=2 .0

_______ 

[ D3 SIN (X) +1.0
L

END
] _ _ _ _ _ _ _ _ _ _ _ _

DEP.R(I,2) — D3*i~~J i
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6. Subroutine Pseud

(~START PSEUDJ 12
1 r d—1 ,
+ I

T1’1ø~~~ J 4,
T2=ø I PCINV (1 ,J)_ (T2*PC (J,1)_T12 *pC (J ,2))*DREGPT12 0 I POINV (2 ,J )_ (T1 *PC(3 ,2 ) _ ~~~2 *pC (J , 1) ) *D R E ~~

DO~~~~~~~~~
_

~Il ,NUMVAL 
H - 1  L 

T1_PC(I ,i) *PC(I ,l)+T 1 1 IT2_PC(I ,2) *P C(I ,2)+T2 
_________

T12=PC (I ,2) *PC (I ,2)+T2 ~~~~Tr3RN )

4, II
END L~~~~~~~J . 

_ _ _LOOP I

1~
~ QNORM = DET

[DREcPIIII1. 0/DET 1
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Pro g ram TSVPD Ust ing

C SOURCEF I LE IS TSVDS : REL O CATAB LE IS TSVDR
C I ’~AGE TRACKING SI~ UL~ TIOU PRO GRAM
C NIS VER SIO ~4 F STIMAT~S TRANS. ~ HO1~O . AFF INE PAR .
C IUCLUDE S GESTALT SECr!EN TATION OPTI ON
C ~RITTEN flY 1. J. SCT ’ALKOFF , U NI V . OF VA.
C UPDA TED 3/14/79 ; NO DEBUG STATE”ENTS -
C ***** *** ****,r **** ’,t ****** ***** ~~

?)!~!ENSICr 1 F ( 2 1 ,2 I ) ,L~’.1 2I , 2 I ) ,nACK ( 21 , 2 t )
fl 1?,~F~!srou P ( 2 1  , 2 1 ) , P 1  ( 2 1 , 2 1 ) , A ( 2 , 2 , 2 ) , DIF F 4c’c~) ,~ N Dc 4gg ,~~)
DI ”ENSI O ’4 DE 4r ~ I , 2 ,~~EST (2
DI’!FI~SID ~ PC(d ,2) , PCI~’IV( 2 , 4(~(’) ,A C ( 2 )
COYM ON A ,~~,D9 ,~!U~ C A L , F , F I , L A ~P , L A a r 1 ,p ,P I ,DIFF ,Ip 1D
COM ~!ON N(J VAL ,DE~ R ,J’~1tN. J M A X , IOU ’4 .K~.A X .B E ST
C~~~ r*~ (V IORM , PC, PC IMV ,CINV . AC
RE A L LAM ,L A M I
CA LL CHRS(27 ,12 , I2q )
~I R I T E ( I  .2)

2 Ffl~~’~AT ( ” SFLE CT OUT PUT DE VI CE OPTI ON” ,/ , ” l —CR T DISPL’.Y” ,/ ,
•~ “o—TELETYPE”)

Q F A D ( , *) I DIS -
;:P rT~ ( IDIS.3°’ )
FOR~.4AT ”*********** TAYLOR SER IES VIDE O I Z .(AGE PR OCE SSOR ****)

~.RI1 E ( ID IS , I 5 )
1 5 F0I? ~‘A T( 3(I) ,“INPUT 0 P TION— ” , / , ° —COMT • ; 2—STOP • 3—OL D PIC.~’)

PFAD ( ID I S , *)J ~
GO TO (35, I~~~~, 799)J~’IC ~~ IS THE S PATIAL SA ’APL IN G INTERVAL

35 ~;R r T E ( I O I S . 4~’)
4~3 FORi~A T ( ” t ’ 4 ?UT C’~,T~1E SA ’.(PL ING IN TERVAL ” )

f~EA D ( IE ) I S , *) D(~C ~ ****************FOR M I N I TI AL TARGET FUNCT I ON ******~~ *****~~‘**

CALL TARG
C ~**~~***~F0R!’ LA MDA , THE CHARACTER I STIC FN. ******~~~~****RI TE ( IDIS.75)
75 F OP! ;A T ( ”P IPU T TARGET T4 E IG~ T Al-ID ;‘IIDN P AR A ~~ TERS” )

PEA 1~( I i ) I S , -~’)wF.IGT ,~:I DTH
C WEIGT ~% aI YP4 AR E ‘~ULTIPLES OF

CA LL LM’D(HF.T GT,IIIDTH )
C ***************** GE9 ER ATF (CONSTAN T) BA CK GR OUND FN . *******
C BACK GROUND HAS NOR1~AL ( V A R I A F L E )  STATISTIcS

~!R I T E (I D I S , 3 5~~)35C~ FOR ’AT( “ I N P U T PACK GRO UP I D “ E A N . STD. DEV .”)
R E A D ( I D I S , *)B ’t ,RDEV
DO 4ØC~ J z I , 2 1
DO 4~~C! V I 2 I
CALL GA USS ( R D F V .RM ,TI )

CK U , ) =T I
4~~ COi TINUE
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C *,r ***** *** ADD RA N D O~ (GAUSS IA N )  NO~ SE TO SCEN E ********
C NOTE THAT N OISE IS AL~ AYS >=c~ I N M A G N I1~~DE

~‘J R I T E ( I D I S ,5~ 5)
SØb F O R M AT ( ” P I PUT RAND O M SCENE NOISE MEAN , STD. 0EV .”)

REA D ( IDI S ,*) SNM ,SNDEV
C GENERA TE COMPLETE INITIAL SCENE

DO 5Ø(~ J— I ,2 1 . . -~ -- - - - ---
DII ~~~~~~ K a I ,2 1

4(~2 CALL GAUS S ( SNDF.V.SN?4 ,T~ )
IF(T ’~.LT. -~ .”) GO TO 4c~2 -
? ( J , K ) a F ( J ,K ) *L A 1A(J ,K ) + ( I .(~~LA M ( J ,K ) ) *R A C K ( J , K )
P ( J , K ) = P ( J ,K)+T~

5~~C ******~ ** PROVIDE SCEN E DISPLAY O~ r IOU ***~~***~~~~~***
( ID 15 , 51

~ Iø FOPMAT (” PR INT SCENE DATA?”)
READ ( IDIS.*)J1
IF(J I .EO .C~)GII TO 799
CALL CHPS(27,12 ,12R)
~,RITE (IDIS ,53C~) C (P(J.K) ,K= I .21) ,J= 1 .21)

s~c~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
.‘~P 1T E ( I D I S ,9(~5)D C1,~1E1GT, t~1DTh ,BM ,BDEV
; , k I I E C I DI S ,532)

532 FORHAT ( 5(I) ,4~X, “SCF”IE DATA : INITIAL SCFNF”)C ******** *****~~~ FORM PE~~RRE D SCENE ~~~~~~~~~~~~~~~~
C INPUT AFFINE DISTORTION PARAMETERS
799 .i~? I T E ( I D 1 S ,~~ø(3)
~~~ FOR”AT (1~~(/),” IMPU T AL PHA & THETA ( DEGREES ) -“ )

R EA D ( IDI S . *) AL P EX ,N AEX
1 . Rt T E ( 1 D I 5 , 81~~)

S ~ F O RMA T “io;J THE TR ANS LA TI ON VEC TOR , 5”)
PFADU DIS. *) B C 1 )  ,R (2 )

C F ORM HC’MOGE? I EOUS AFFINE MA TRIX
A ( 1 ,1 ) ALPEX *CO5(N AEX/ 57 . 2958)
A ( 2 , 2 ) a A (  1 ,1 )
A ( 1  ,2 )=_ 1 .~~*A LPEX *5I9(NAEXI57.295R )
A ( 2 , 1 ) = — t  .(

~*A( 1 , 2)
i~lU ‘~CA La I
CA LL TARO -

CA LL LAND
• DO 88(~ J — I ,2 I

DO 88(~
812 CA LL GAU SS ( SN DEV ,5NM ,T~ )

812
• P I ( J , V ) i . r F ( J , K ) - *L A ” ( J ,K ) + ( 1 .C~— LAM ( J ,K ) ) *R A C K ( J , K )

P1 (J , K ) PI (J ,K ) + T ø
~8” COU TINU E
C PETUW~ ED SCENE DISPLAY OPTION

:.~ rTE (I fltS ,521 )
~2i Fr~~’nT ”i.)tS~LAY PERTJR9ED

13  15 . *) .J2
1z (J2 .EC. - ’) G C) TO 45~

J 

- 

~~~~~~~

- -- 

~~~~~~~~~ 
—

~~~~
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CALL CHRS(27,12.128)
‘,RITF (IDIS ,530)((P1(J ,K),KaI ,21),Ja I ,21)
L~R IT E (  IDI S ,522)

~22 F O P W AT ( 5 ( / )  ,4~IX , ’ PEPIURF3ED SCEN E DISPLAY ”)
k~R I T E ( I D 1 S , 92C~) A ( 1  , 1 ) ,A (  1 , 2 )  ,13( 1) ,A (2, 1) ,A (2,2) ,B(2)
aRITE (IDIS,2~

g)
20a FOP?’ATC3(I) ,“AcCEPTABLE PER TURBATION? ”)

R E A N I D I S ,*)J5
r F ( Js.Eo .~~)Gn TO 799

C HERE FILTER SCE!~E(S) IF DESIRED -
• C LOOK AT SCENE DIFFERENCES

C USE P 1 TO UOLD DIFFFRENCE SCEN E
45~ DO 3”~3 1=1 ,21

DO 3(~~ J=1 ,2 1
• ~1 (I,J)=PI (I ,J)—P(1 ,J)

3Ø~ CONTINUE
V,RtTE (IDIS,3C~2)302 F~RM AT(5(I),”DISPLAY SCENE DIFFERENCES?”)PEAD ( IDIS ,*) 101FF
IF(IDIFF.EOA)CO TO 3~ 9

• CALL CHPS(27 , 12 , 12 8 )
~~ r TE ( 1D I S ,53~~) ( ( P 1( t , . J ) ,J=I ,2 1 ) , t = 1 , 2 I )
;‘~RITE (IDIS,3ø8)308 FOPMAT(5(/),4~X,”DIFFEPENCE BETW. ORIG. & PERT. SCENES”)309 ~RtT!(IDtS,310)310 F °RMAT ( 5 (I) .“AUTOMATIC GESTALT SEG~’EN TA TION OPTI ON?” )
I~E AC C ILJI S ,*) IGES
IFUGES .E O . ! .G 0  TO 360

C ********** ~I?I DO~1 FUNCTI ON FORMULATIO N ***~~*************550 R I T E C r D I s ,57°’)
57c~ FOR~ A T ( “ I N PUT ~INDO~ FN • LI ~.cI TS—J ”IN ,J’~AX ,K PIN ,1(?’A X” .1,

P. “RECALL .J”IN ,K ’( IN> =2 ;  JMAX ,KMAX<a2C~”)
R!AD ( ID I S , ~)J MIN ,J3-~AX . K M I ” ,KMA X

C *‘~**~~******** SAMPLI NG STRATEGY OPTI ON S ***********
C RECALL MAX. SCENE DIM. IS (N—t)X (M— 1)
C SAM~~ IS S K I P  SAMPLED
ó2V~ .PITF(IDIS ,622)
622 FOIV’AT( ” PI PUT SKIPHOOIZ. ;SKIPVER T” )

READ ( IDIS,*) I SKPH , ISK PV
CALL SA~4PS(ISKPH,1SKPV) ___C **************** FORM D, NE DIFFERFNCE VECTO R *********~~~-**

6Th CALL DVFCT -

C ********** FORM DERRIVATIVF ESTP~ATES ***********
~ PITE( 1DIS,o9~ )

690 FOR!.~AT (”IMPUT DERRIVATIVE ESTI1~ATION OPTION”)

~EAD ( IDIS, *) IOPT2
C

CA LL DFR IV ( 10P 12 )
(n 10 35S

C ‘ *******AUTO . CESTALT SEGMENTATION OPT I ON ***********36” ;:r?ITF (IDIS,3o2
362 FOR~.fAT (

Is Ph1 PUT ~ 1P 1D U.L.H• CORNER IOUN DS.X ,Y.DIM . ~.DFP OPT “)
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REA (IDIS ,*)ICSX ,ICSY ,rCFX , I CFY ,I’.~Y,I~ Y ,IOP72
JMI7-IaICSX
.PtAX J74TIN+I WX
K~tINa ICSY

- KMAX KMIN+IWY -

941 CALL SA?,~PS(.l , 1 )
CA LL DVECT
CALL D E R I V ( I O P T 2 )  

-

GO TO 94~3
392 K” I N=K ” AX

K~4A X =K M IN+!~IY
IF (KMP’.LT. ICFY)GO TO 941
?C’~IN= ICSY
K~ AX=!C’I I+I WY
J’~IN = J~ AX
J AX= .E~IN +tWXIF ( JMIN .LT. ICFX ) GO TO 941
GO TO 8

C ********* THRESHOLD ING OPTION *********************355 ITHR=0
C ***~~*~~*********** TAYLOR SER I ES ~ L.S. PARAM ET ER V ECTOR EST.
* *********
C O1:Ly ?ER !(ITS TRAN SLATIO N , ROTA TION P. ‘~A (~N IF ICAT ION
C FORM PC
940 DO 045 t= l , NU MVAL

X=D~*( IND( 1 ,1 )—Il )

P C ( t , 1 ) = X *D E R R ( I , 1 ) + Y *D E R R ( t , 2 )
PC(I,2)=X*DERP(t ,2)—Y*DERR (I ,) )

945 CONTIN UE
C FORM GP~~.(IA ~! TO SEE IF DC MAS FULL. COL1P’N RA N K

D 1 1 ~~~~~~
Dl 2=0.

• DI 3=0.
D1 4=~~.
022=0.• 023z0.
D24a0 .
D33=0.• 
044—0.

• DO 947 I a l , NU M V A L
D l i  a~~~~~ ( 1,1) *PC( 1,1)401 1
DT 2 PCC 1, 1 )  *PC (I ,2 )+D1 2
DI 3 Z P C ( I , i ) * L ) E R R ( I , 1  ) +01 3
Dl 4 DC ( 1.1 ) *r ) FWR (I . 2) +0) 4

1 , 2 )  *PC ( I , 2) 4022
J23 PC ( 1,2) *1~ERR (I • 1) +023
~)24 PC(I ,2) ‘r[E~~ (I ,2) +024
:~33=~E~~? ( 1.1 )*[~F~P( 1,1) +1)33
-:‘4=r~E~ P ( I  , 1 )~~)F P p c r ,  2 +034
/4a~ E ± (  I , 2) *(DEPR C 1 , 2 )  +044

947 CO~~T TN UE
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C : - .‘o~i FOP~-’ DE TE IP ’INAN T ~- 2 5
..j l =D33*044— 034*D34
D2*0l 3*024—01 4*023
D3aD I 3*044—014*034
04*023*044—024*034
05*023*034—024*03.3
Do=DI 3*034—01 4*033
Pl= D1l ~~(D22,rD 1 —D23*fD44024*D5)
22=01 2 x C D 1  2*0 ) —0 23*03 4024*06)
P3=0 1 3~~(D I 2*04—022*03+024*02 )
P~t=D a 4~~(D I 2*D5—D22 *C 6 + U23*D2 )
0=?! —P2+ P3—P4
~:RITE (fDIS ,9I0)D91’~ FO~~

tftT(3(/),”GRAMIA fl DETER~~IN A ?I T a “ ,E1’~.2)C F O RM PCJN V
‘ALL PSEUD

C FOR’ PcrNv~cV 11 =(~~.
V 12 a 0 .
V 2! —0.
V22=0 .
DO 950 K=i.NUWAL
V l l = P C  IN V ( 1,  K )  *DERR (‘( , 1 )  + V t 1
Vl2=PCIMV (l,K)*DERR (~C ,2)+Vl2
V21=PCINV (2,K)*DERR (K ,l)+V21
V 2 2 = P C I N V ( 2 , K ) * 0 E R R ( K ,2)  +V 22

950 CONTI NUE
C FORM PCI14V*D

Xl =~~~.

X 2=0.
DO 97(~ K=i ,UU’SVAL
X l =FCINV( 1 ,K) *DIFF (K) +X l
X2= FCIUV(2.K)*DIFF(K)+X2

970 CONTINUE -

C FOP / —P C *PCINV *G ; RESULT IN PC
DO 955 K=1 ,NUMVAL
P C(K , I )=PC(K ,l)*V1I+OC (K,2)*V2 1
PC (K ,2 ) = P C ( K ,  1 ) *v l 2 + P C ( K , 2 ) *V 2 2

955 CON TINUE
• C FOPM C

DO 960 I—I ,NUMVAL
PC(I , 1 ) L )ERR( I, I )— PC(I, l )
P C ( I , 2 ) — D E P R ( t , 2 ) — P C ( t , 2 )  -

961 CONTINUE
C FOR T’ REST VECTOR

CA LL PSEUD
C R ETURNS CINV IN PCINV

i~F 5 T ( 1) — 0 .
~~5T ( 2 )ac ~•
iY) 063 1= 1 ,N U M V AL
~EsTc 1 ) P C  fl~v ( I , r )  *01 FF (I) 441F~ T( 1 )
t’E~T (2)=PC I’~lV (2, I) ~fliF~ (I)+~ FS~ (2)
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963 CONTINUE
C FOIU! AC

AC (1)=X 1—V i 1*BEST (! 3—V t 2*SEST(2)
AC (2)aX2—V21*REST (1 )—V22*9FST(2) p

C F O R M ES TIMATES OF ALPHA & THETA
AC ( I )=AC (1 ) + ) • G~
THE TA a A C ( 2 ) / A C ( I )  -

ALPt A AC ( I ) *( I .0+( THETA *THETA)/2 .~~)
THET~ =THETA*57. 3Q~

C COMPUTE ~ V ECTOR FST. ERROR BASED ON L2 VECTOR NOR~JE1=F (l)-43EST (l)
E2=~ (2)— BE~T(2)ERn OR = SOR T EI *E ) +E2*E2 ) -

C ***************DISPLAY OF ALGORITHM RESULTS *******~~~~~

I F ( I O E S .E0. l ) CC) TO 370
79 : F ( I T H ~~.EO. !)on IC) 980

I S k VE =N U~WA L
98C’ CALL C~ R S ( 2 7 , 12 , i 2 8 )

~tTE( IDIS.9(’1)9~~C~ F0P T ( 5 ( / ) , ” —— FOR TH IS  CASE THE Fo LLo~Ir!’ !G ~~S r ’pU T~ —~~~” )
P I T  ID I S ,9 0 5 r , HF T T,~;I:TH,R~ ,~ DEV

905 ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~(F
~6.3,4X))

~ITE (IDIS,9l4)AL PEX ,THAEX9 14  F-~
P1’
~TC3(/) ,“ALPHA= “ ,3X ,F8.5,”T14ETA= “,3X ,F8.5)

ITF C ID IS. 915)
; 15 ~ -‘~~~~AT~~3 C/ ) , ”A F F I ’1 E  T?ALI SFQR~ P A R A ” ETERS======== == ” )

~~ TEC IJIS ,92’n A (I , H ,,A ( I  . 2)  ,~~~ C l )  ,A(2, I ) ,A ( 2 , 2 )  , R ( 2 )
920 F O R M A T ( 2 ( / )  , V~X . ”A= ” , 3X ,2 ( F o . 4 , 2X )  , “~~~~&‘ ,F6 .4 ,/ , 15X ,2 i F 6. 4 , 2 X ) ,

*• P~6. 4 )
,~~I T E ( I D I S .925 ) J MI ~1 ,J”Ax , K .4 I N ,KMAX

92~ FO~MAT(3(/),~~.rTH ~-~rr Doc~ LI’1tTS— ”./,”J”t =” ,I2,5X ,”J~-’ftX=” ,t2

-i~ I1E ( ID I S ,026 ) I S A M P , ISKPH , I SKPV . I SAV E
926 F O R M A T ( 3 1/ ) , ”SAM PLI ’IG STRAT. ” ,3X , ”~ OR I Z .  I NCR .” .3X ,”VER T . ::R
.3

A X , ”RA ~1 110 . SAUPLCS ” ,/ ,5X , 11 , 17 X , r 2 , 12 X , 1 2 , 14 X ,13)
1iP ITE( IDIS,927) I O PT2 , ~1)PT

927 FORMAT (3(/),”DERR. EST. OpflO1 s,5X ,~tL.S. WEIGHTING OPTION” ,/,9
II

P. , 22Y • 12)
. 2 I T E ( ID I S ,~~2~~) ITHR ,THPF SH , T C0UNT

928 FO P ’~A T ( 3 ( / ) , ”T HPFS H flLD ‘DP TT OM ” ,5X , ”Th R ES~ OL D” ,5X ,” Afl J . ~‘O . SA U
ES

11 , loX ,F4 . 2, i5~~, 13)

93~ F~~P Y A T ( 5 ( / ) , 5X , ”~ (E XACT ) =” ,Fa .4 .l(’ X .”~

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



~ t5X,F6.4,19X ,F6.4) A-27

~.~~ITEUrllS,c32 )~~C CI ),AC (2)
932 FOW’kT(5(/),5X ,”AC (1)= l’ ,3X ,F6,4,10X,~

1 ,Ac (2)= s
~,Fo.4)

,.RrTE (IDrS ,933)ALPT4A .-NETA
933 FOR~. 1A T(2 ( I ) .”ALPH A CEST) = “,FS.S,SX ,”THETA (EST ) “.F6.5)

Y;R ETE (1t)rs ,931 ) FRPOP
93! FOR~’AT(3(/),”B VECTOR ERROP ,L2 NOR M , = “ , F 1 5 , I 2 )

GO 10 8 -

C ********~~ FSTALT SEC. OPTION DI SPLAY *******
370 .:~ I T E ( I D t S , 9 2 5 ) y t t N ,J MA x ,K M r . T ,KM A x

~~ I T E ( t D I S ,93c~) f ~( I ) ,~l E 5 T ( T ) ,3( 2) ,BEST (2 )
~PIT F(tD I~~,933)AL pHA ,ThETA
GO TO 392

1 000 EN D
C
C ******~~********* SU R R OUT IN ES *******************SUB ROUTI NE TARG

D I ;~FNSIrn1 F ( 2 1 ,2 1) ,LA : ( 21 , 2 1) , B A C T ( ( 2 1 , 2 1)
D I M ENSI O N P (21 ,21 ) ,Pl (21 ,21 ) ,A(2,2) ,B(2) ,D I F F (4~ 0) , I N D ( 4 0 0 , 2)
D I ’ !E i S I O N  O ERR ( ~tP’c’~,2 ) ,3E ST(2 )
DI~4EN SION 2Ct~40o ,2 ) , P C I N V C 2 , 41C’~) , A C ( 2 )
CO~.IMON A,B,D~~,NU~ACAL ,F,Fl , LA.~,LA-~’1.p ,27,DrFF ,IN D
Cn~•~MO’r U AL . DE R P ,J IN ,J A X , K M I N ,K M AX ,BEST

.Co’~”r~ i ONO~ M , PC , PCINV ,C IN V ,AC
R EAL LAM ,LA MI

C THI S ROUTINE GENERATES THE INITIAL AND PER TURBED TARGET ENS
DII 200 J=1 ,21
DO 2’~0 K =1 ,2 l

C THE POINT (J ,K)= (l l , l I )  CORRESP. TO (X ,Y)=(0,0)
X=D 0 *(J— 1 1)
Y=D0 * ( K — 1  I )
IF(NUMCAL.EO. 1)120 ,125

(20 XP= X *A ( 1 ,1 )+y*A ( I ,2)+B (1)
Y P = X * A ( 2 , l ) ÷ Y *A ( 2 , 2 ) + B ( 2 )
x=XP
Y=Y P

125 IF (X.EO SO.0)GO 10 154 - •

A != (SIN (X))/X+l .0
GO 10 155

15 4 A I = 2 . 0
155 I F C Y .E O .0,0) Co TO 158

A2 (SIN(Y/2.5))/(Y/2.5)+2.0+0.3*Y
GO TO 159

158 A2 3. 0
I ’ ~9 FU P ~I 1 = A l * A 2  -

185 F ( J , K ) = F U N I
200 CO~.T IMUE

R ETURN
END
SU !3ROUTI ’ 1~ LAM D ( H ,~’I)
l ) I E~ Sr O ! F ( 2 1  , 2 1 ) , L \ ~~( 2 l  ,21 ) , R A C ’( ( 2 1  .21)
DI!’F~JS ION ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~

- -— —- - - - -



Dr~~EN s r n N  D P 4 .2 ’ .5 S T 2  -

PINFNSIO’i PC ,2 ,p C r ’v 2 , d~w’~~,Ac ( 2)
CO~-SM0N A ,3,D ’~,N U M C A L . , F , F l , L A ~~,LA 1 I , p .P I ,DrFF , IND
CO.~MIIN NU”VAL ,DERQ ,J!.tIN ,JMAX ,KMI N ,K~’AX ,BE ST
COMMO N ONORM , PC, ~~IMV ,CIM V , AC
REAL LA 1t ,LAM1

C FORI.1S THE INITIAL AND PERTURBED CHAR . FUNCTIONS - - • -
C OBJECT I!’1ITIAL BOUNDARY IS FN. OF HFIGT & W I DTH

DC) 300 J=1 ,2I
DC) 300 K=l ,21 -

X=D0*(J— l1 )
Y=DO*(K— l1 )

p IF (MUMCAL.EO.1)320,325 - • -  - .  - -
320 XP X*A (l ,1)+Y*A (1.2)+R (I)

Y P = X *A ( 2 , 1  )+Y *A (2 ,2 ) + B (2 ) .
X= X P
Y=Y P

C LA TER MAKE CHARA cTERISTIC FUNCTION USER A DJUSTABLE
325 tF(ABS (X).GT.(P*DOfl)G0 TO 265

tF (ABS (Y).GT.(~ *DO))GO TO 265
T 1=1 -

GO TO 285
265 T1 =0.0
285 L A M ( J ,K ) = T 1  -

300 CON TIN UE
R ETURN
END
SUBROUTINE SANPS (ISKPHS,ISKPVS) • -

D IN E N S ION F (21 ,21 ) ,LA’~(21 .21 ) ,BACK (21 ,21 )
D I~ EN SIC ( 1~-I P(21 ,21 ) ,P1 (21 ,21) ,k(2,2) ,B(2) ,DIFF(400),rND(40’~,2)DI CE i !SION DERR 4cWi ,2) ,BEST 2)
D r ? t E i~SIO ~ P C(4 00 ,2 ) , P C t N V ( 2 ,4~ 0) ,A C ( 2 )
COMM f) 11 ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ I CIFF , IND
CO?~!WO N NU~ VAL , DE~ 1~, J”TN ,JM A X , K M I N , K M A X ,BEST
COW.rO N ON ORM, PC ,~~~IN V ,CIN V ,AC
RE A L L A M ,LAM I

• C RECTA NGULAR SK IP—SAMPLED STR ATEGY
C NUMVAL IS NO. OF VALID RO ;~1S IN IMD.( , )

NUN VAL=0
KI= 1
J JMI N
K=KM IN

20 IND (K1 ,1 )—J
IMO C K I  ,2)=K
NU 1•-IVAL=NU MVAL +1
K 1 = K I + l
K=K +ISKPHS
I F ( K . G T . K M A X ) G O  TO 105
00 10 20

105 J= J+ISKP V S
IF ( J . G T . J M A X ) G O  10 106
K = K M IN



—~~~~~~~~~~~~

•

~~~~~

— — •

~~~~~~

— - • . - . — •. - • • -

- 

GO TO 2O A-~29
iOó RE TU~*1

END
SUBROUT INE DVECT
DP.4ENSION F(21 , 21 ) ,LAM (21 ,21 ) ,BACK (2l ,21 )
DIMENSION P(21,21),P1 (2 1 ,21) ,A (2,2),B(2),DIFF(40Q!),IND(400’,2)
DIMENSION DERR (400,2),REST (2)
DIMENSION PC(4~0,2).pCINV (2,400),AC(2)

- COMMON A ,R ,D~i,NUMCAL,F,F1 ,LA~c ,LAN1 ,p,PI ,DIFF,IND
CO MMO N NUM VAL ,DERR ,J~’IN ,JM AX . K MI N ,K M AX , REST
CO?.~~ON C) .NOPM,PC ,PC I r-I V ,CP4V ,AC • . • -

REAL LAM ,LA M I
C FORMS D VECTOR , BASED UPON SAMPLING STRATEGY

CO 1’-”~ J=I ,NU’~VAL
3 DIFF (J)=P1 (IND (J ,l ) ,IND (J ,2))

100 C O NTINUE
RE TU RN
END

~I I SUBROUTINE DERIV (IOP)
- DI MENSION FC2I ,21) ,LAM C 2 I ,21),BACK (21,2l)

DIME N SION P (2 1 ,2 l ) , P I ( 2 I ,2 1) , A ( 2 , 2 ) , R ( 2 ) ,DIFF ( 4 0o ) ,I?~J f l (4 g a ,2)
DI M ENSIO N DER R ( 4 00 , 2 ,BES T (2 )
D I M E N S I O N  PC(401 ,2 ) , P C I ’ 1V ( 2 , 4~~~) , A C (2 )
COMM ON A , R ,D0 , ’-I U ’I C A L ,F , F 1, L A ’S .LA ~’1 ,P .D I ,DIFF , IND
C OM- - Th-~ NU M VAL ,DERR ,J”IU ,J N A X , K M I N ,K M AX ,BEST
COMMON C)UORM,PC,PCINV ,CP4V ,AC
REAL LA M ,LAM I

C FORMS SPATIAL DERRIVATIVE ESTIMATES ~RO~-~ P C , )

C 0P~~ DETERMINES DERPIVATIVE E STIMA TI ON A L G O R I T H M
C IOP= l ; USES I &t+1.IO?=2 ; USES I—I P.1+1
C IOP=3 ; CO MPUTE S EXACT DERIVATIVES

D~) 75’~ I=I ,NU MVAL
GO 10 C lOa ,300,400)IOP

I~~ ’ V 1= I I I D ( I , 1 ) + l
V2=IIID ( 1 ,2 )
V3 =V 1 —l
V4=V3
V5=V2+ l
V6=V 2
V7=D0
GO 1T) 500

300 V 1 = I N D ( I , 1 ) + 1  •

V 2 = I N D (  1 ,2)
• V3=V l —2

V 4 = V 1 — 1
• V5 — V2 +l

V 6 — V 2 - I
V7= 2. 0*00
CO 10 500

C EXACT DE~ r VATIVE CO”P UTA TION
400 X=D’~*(I ’ID(I ,J ) — I I )

____

-— — 
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Y=D0* (t1ID (t,2)—ll )
C FORM DF/D X A- 3oIF(Y.EO .0.0)G0 TO 10

D I = ( S I N ( Y / 2 . 5  ) ) / ( Y / 2 . 5 )  ig,3*Y+2 .0
GO 10 1 2

10 01 =3.0
1 2  I F ( X. EO .0.0) GO 10 20 • • — - - - - -  - •  -

D 2 = ( C O S ( X ) ) / X — ( S I N ( X ) ) / ( X * X ) • • • -• G0 T0 22 • • 
-

20 D2=0.0
22 D E W R ( I , 1) = D I *D 2
C FOR~-’ DF/DY

IF(Y.EQ .:1.0)GO 10 30
DP1= (CrIS (Y/2.5))/CY/2.5) -

•

DP2= (SI1I(Y/2.5))/((Y/2.5)*(Y/2.5))
• !J4=0 .4 *(D P I — D P 2 ) 4 0 . 3

00 10 32
• 30 04=01.3

32 I F X.EO .Ø. cf lGO TO 40
D3~~( S I N ( X ) ) / X +I .0
GO IT) 42

40 03=2. 0
42 D E P P ( I - , 2 ) = D 3 *D 4

GO 11) 750
50~’ DERP (t,l)= (P (V1 ,V2)—P (V3,V2))/V7

DEPR ( I , 2 ) = (  P ( V4 , V5 ) — P ( V 4 , V 6 ) ) / V 7
750 CONTINUE

RE TU RN -

• END
SUBR OUTI N E PSEUD

C CO MPUTES THE PSEUDO INVERSE OF AN M SIZEX2 MA~~~1X
DI M EN SI 0~’I F ( 2 1 , 2 1 ) , LA~.’(2 I , 2 I ) , B A C K ( 2 1 , 2 l )
DI MENSIO N P ( 2 1  .2 1)  , Pl (2 1 , 2 1)  , A ( 2 , 2 )  . 5 ( 2 )  ,D IFF (4 G~0) , I N D ( ~ 00 , 2)
DI MENSION DERP(400,2),BEST(2)
DIMENS I ON P C 4 ,2,PCINV (2,400),AC (2

• COMMO N A ,3,D0,NUMCAL,F,F ,LAM ,LA MI ,P ,P 1 ,DIFF ,IND
COMM ON NU ’IVAL , DERR , J~~IN ,JNA X ,K MI N ,K M AX ,BEST

• C0 -IMO11 ONO PM , PC , PC IN V ,CIN V ,AC
REAL LA M, L AM I
T1=0.
T2a0.

T1 2—0 .
DO 10~ I— I  , NW.WA L

- T1 = P C ( I . 1 ) * P C ( t , l ) +T1
l2aPC ( I , 2 ) * P C ( I ,2 )  +12
T12 =PC ( 1 , 1  ) *p C (I .2 )  +T1 2

1 0(1 CON TINU E
DET—T 1 *T2—T 12 *T 12
or ORM aDE T
IF C f)ET. EQ. 0 • ) GO TO 200
D~ECP= I .0/DET
DO 200 Ja l ,NUMVAL

_ _ _ _  

A
— 
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I
A-fl

• - • PCIP1V (1,J)s(T2*pC(J,1)~~r1 2*pccJ,2))*cpFcp - • • • • • . --• PC1NV (2,J)~~(T1 *pC (J,2)—TI2*pC(J,1))*DpECp
200 CON TINUE 

• • •  • •RETURN -END • • • • •~~~ • ..  . • • •  • . . -ENDS • •

• - •

•

• 
-

•

_ _  - I~~~
_I
~~~~~ - ~~~~~~~~~~~~~~~~~~~~~~~ 
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appendix 6 - Simple Physical Interpretation of

the TSVIP Approach and Some Numerical Examples

(a ) Physical Interpretation in l—D

Some insight into the analysis of Section 5.4 may be obtaine d by con-

sidering a simple 1-D example . Consider a l-~) function f (x;t) , which is

subjected to a time-varying translation , i.e.,

f (x ; t 2) = f(x + S(t 2-.t 1) ; t 1] (A .6—l )

A fi rst order ~aylor series approximation to this function would be:

• f ( x ; t2 ) f ( x ;t 1) + ~~~~~~~~ ~ (t 2 —t 1) (A .6—2 )

which may be rewritten as:

— 
- f (x;t,] — f [ x;t ]~~

- 

aC t 2 t1) — B f [x ; t 1] 
(A.6 — 3)

ax

Therefore , for any value of x0 in the sensor range , f ( x 0 ;t) at times t1 and

t2 and an estimate of 
df [(x o; t-1) ~ may be used to estimate 6(t 2-t1) using

(A.6—3) .

A physical interpretation of this approach is shown in Figure 31. Two

successive samples (i.e. “scenes”) of a l—D function f(x;t) are shown . For

simplicity , in the time interval between t1 and t2~ f(x ; t )  is translated by

an amount , cS , as shown in Figure 31. Due to this translation , the fun ctional

intensity at point x0 and time t1, i.e. f ( x0;t1) ,  shown as P1 in the figure

is no longer the same at this same point at time t2 ,  i .e. ,  at P4. It is

clear , however , that at time t2 ,  the value of the function would be equal

to the value at P5, i.e. f (xb ;t 2) f(x0;t1). (Also note that this trans-

lation would be accomplished , with the x axis positive direction as shown ,

by staking f ( x  ;t2) — f ( x  -~~ j t1) since the function at t~t2 is actually a spa-

ti ally delayed 
•
version of f (x ; t 1) .)  The sensor “line of sight” is chosen

such that the function intensity is sampled at point x0 in both scenes.

4
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Thus , to employ the TSVIP approach , we proceed as follows :

(1) At time t = t 1 and x = x0, the spatial derivative of f(x;t 1) ,

i . e . ,  3f ( x&ti) is estimated using the value of the function

at points x_ 1 and x.~.1 as

9 f ( x0;ti) f (x+ jjt) — f(x...~1jt) (A.6—7)
ax

(2) Using the values of the function at x0 and times t1 and t2

( i .e . ,  these intensities shown as P1 and P4 in Figure 20) and

• the above derivative estimate , ~~(t 2—t 1) is calculated using

( A.6 — 3 ) .

It is also interesting to note if 
a f ( x&ti) 

= 0, the algorithm

obviously fails . This is due to the fact that f(x;t1) has

no 1-D “texture , ” or equivalently , the “mat r i~ ’ Dc (actually

a lxi matrix in l—D ) in ( 5 . 4 . 4 . 2 — 1 0 )  is “ singular. ” Thi s is

analogous to the 2-D case examined in Section s 5 .4 .4 .2 and

5 .4 .4 .3 .

(b) l-D Numerical Examples

(Example 1)

In this simple example , the functions

f (x ; t 1) = cos x and

f ( x;t 2 ) = cos (x+tS )

are considered . For t~ = s/6 — .52360 (six times the Nyquist rate) and

a = —2 7T/20 - .15708 (30% of tx) , three consecutive sample function values

would be:

x co s x  COS x+~

.52360 .36652 .86603 .93358

1.04720 .89012 .50000 .62932

1.5708 1.4137 .00000 .15645

_____ 
• 

~

•-___ _;_ - ----.:T
~

•_— 
~~—~~~ -- • — - - 
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For simplicty , x0 is chosen as the second sample , i.e. x~~’1.04720. The

calculations , as outlined in part (a) would proceed as follows:

( 1) a t t= t 1

3f(x~ ;t1) 0 — . 86603 
— — 8270ax l .5708— .52360

(Note : the exact ~~ (x0;t1) — sin( l .04720 )  — — .866)

(2) Using (A.6-3) and the above data ,

.6 29 32— .50000
~ (t 2 —t1) = — .8270 = — .1564

J — .l564 — ( — .l57OB~j% error = +.15708 
= 0.43%

(Example 2)

Using the same data as in Example 1, but with a larger translation ,

i.e., let ô(t 2—t 1) ~~2 i ~’10 = — .62832 (120% o f i ~

at x0; ô(t2—tl)+x = 1.047720 — .62832 = .41888

cos (x0+6) = cos(.41888) = .91355

Therefore , f rom (A.6-3 ), the translational estimate is

.9l35 5— .50000
~ t2— t1) = — .82 70 

= — .5006

% error = 
H . 5 0 0 6 ( ; 6 2 8 3 2 )  

= 20.3%

Clearly , the effect of the assumption as to a “ small ” perturbation on the

algorithm estimates is evidenced in the above two examples.

(c) 2-D Numerical Examples Using the TSVIP Algorithm

A simple numerical example of the TSVIP algorithm procedures is given

here . The raw data used for this example is taken from the sample scene

described in Chapter VI. The initial , perturbed and difference scenes are

shown in Figure 32. For simplicity , N = 4 was chosen, and the four points

resulting from a raster scan are shown circled in the figure . Derivatives
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4.84)1 8.41*4 8.4711 8.811* 8.4*88 1.4144 8.131* 8.7871 8.8118 8.NIi 8.111 *

1.1711 1.1*87 •. I ~~~ 8. 4844 8.8743 4.488* 4.18*8 I N N  1.1(13 4.1.2: 4.NIS

3.sl11 1.1*44 1.4188 8.1111 S.~~~’ I N N  8.8388 1.1471 8.1841 l.IN& 8.3148 p
1.4714 1.4318 1.8414 8.4784 I . I  S.INI 8.4388 4.141* 4.3878 I N N  8.4188

%.~~~ 3 8.44,1 ~~~~~ ••‘~~~ ~~~~~~
1

~LNSI ~~~~~~~~ I.I1I7 8.8*11 8.4*41 8.8883

8.3471 8.4844 1.4841 8.7811 8.4771 8.1*84 1.1*78 1.1118 4.3418 l.4~~~ •.l4~ $

3.1111 8.4118 8.4414 8.7113 ~~~~~~~~l.IPlIiI ~~~~~ s.a t s.d... 8.8883

• 3 31S4 8.4*38 1.841* $ 1714 8.111* 1 1184 1.1388 8.348 * 8.8878 4.3811 8.4118

s.s~~~ 841.. 8.4118 I N N  8.784? l.•a31 ..,m 4. •478 8.3848 4.48*1 8.1141

1.871* 8.3*1? 8.3818 8.4844 8.8741 8.8883 8.1118 8.881* 8.8*11 8.113 * 4.1181

4.~~~ J 1.1131 1.1713 1.1188 8.4*18 1.8114 8.INI S.?371 8.8383 8.8183 8.888*

N 4118 7 .ZI~~ I48~~ 811*..48* 1.888 I N S  .888 NI

KVS 1874. *1117141 8C14

1.1*11 1.1*44 1.1*8* 1.4111 8.8841 8.88*’ 1.7848 8.1788 5.171* 8.8,88 NIl

).1*$l 1.334? 1.4481 8.8811 1.1811 5.811* 8.1811 I N N  S.1~~~ 8.1188 .4888

8.NN 8.411? 8.14*? 1.40* 1.8171 8.811* 8.8448 I.iI~1 5.41*4 8.0*4 .1111

1.3714 4.1148 8.444* 8.783* I . Z ~~I.83* 4.1.171 I NN  8.3144 1.4411 .1111

8.4*1* 1.1481 8.1818 1.8184 8.4814 LI~±i1~
’
l.I1*8 I N N  8.411? .1188

8.UI1 1.1411 1.4138 8.8114 5.174 8.1*44 4 *78* SI N S  8.3885 8.41*7 ISIS

$.3781 1.1*48 1.1441 I rIS ~:~.•j1 1.1*41 iiiiiiPs.a111 4.3483 5.441* .8511 1
8.3814 8.4187 1.884? 8.8884 8.8171 5.1345 5.1411 8.3871 8.1184 8.1134 .8858

1.81*3 1.3317 1.411* I.INI 8.7188 8.8*1* 1.1811 4.4311 8.3318 8.1311 .1111

8.1*88 5.1)44 1.3181 5. 40* 8.1*45 8.115? 5.7848 l.I~~~ 8.5785 8.8715 MIS

.3888 *418 .INI Nil Nil .4185 .8885 .INI .INI .8885 .8555

~~I f l 1*  sc~~~ •~~~~a’ 
~~
, 

~~~
0. 1.111* .8885 3. .4888

.111* 1.4111 .1115 4 j~~

4,

.345? .144? .1411 .148? .I~~~ .3448 .1411 .$4$~ .34*4 .341* -l INt ~ •

.188) .1)1* .4188 .318* .INI .3488 .3*81 .INI .INI .1884 I N N

.1141 .338 1 .3*45 .4338 .331* .4*34 .318* .1111 .4811 .487* —4.1141

.38*3 .453* .447? .NN .INI .NN . .01* .NN .1178 -4.110

• .117) .114’ .141* .INi [~~~~~~~~ .I)4S ~~jj~ .INI .110 .8*44 ~4.SNS

.INi .8854 .4538 .8588 .5*7* .5111 .8*1* .NN .1584 .NN .4.4855

.8337 NIl .1118 .1815 -.88*5 -.8811 -.4118 — .8*47 -.8*41 -.8*71 ~4 . 4 1

- III. •.IN P .5*84 •.4*I* .4*0 — .INi -.NN -.1184 ~.I)3S -.4?8$ .NN

-4.0*3 41.0*4 4 *78) -1 1811 .I.4111 41.1*14 IN N  -4.8378 4.NI3 8.NII - I N N

I~~~~~~J~~1 5818. 8438. I ~~~ ?. 1*1*1
Fi gure 32 Initia l , Perturbe d and Difference SCones with Four Points

Used for the Numerical Example
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were estimated using ( A . 6 — 4 ) .  It should also be noted that the scene pixel

location (6 ,6) corresponds to the (arbitrarily chosen ) coordinate system

origin , with positive x1 and x2 axes downward and to the right respectively.

In this example , only translation was considered , and the following exact

parameters were used:

= 1.0 (no dilation ) (A .6—5a)

O = 0 .0  (no rotation ) (A .6—5b)

r .ll
b = I (translation of 0.5~- I (A .6— 5c )

L- 1J up and to the left)

Using these points from Figure 32 , the following sample data would re-

sult:

.03160

.0726
d =

.0762

:0368

—0.2025 0.47675

0 .202 5 0.57675
G = (A.6-7 )

0. 19450 0.61925

—0.19450 0.61925

0.07 485 0.15585

0.07485 —0.15585
= (A.6—8)

—0.16275 —0.08495

:0.16275 0.08495

Usi ng the above data and (5.4.4 .3-31) yields

1 .06718 0 —1
I I (A.6—9)
L 0 .o63olJ

and from ( 5 . 4 .4 . 3 — 2 9 )

- ~~~~~~~~~~~~~~~~~~~~~ - —
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V1 = 4 .05x].0 3 (A .6— l O)

Recall (5 .4 .4 .3 — 8) , i . e . ,

C = ( I P 0Pc )G (A .6 ll)

Therefore from (5 .4 .4 .3— 13) ,  (A .6— 8) and (A . 6—9 )  we get

.03535 .7 1113

— .03535 .71113
C =

.06485 .32705

— .0648 5 .32705

Then , using (5 .4 .4 .3—12 ) ,

E3.2398 — 3.2398 5.9437 —5 .9437 
1ct = I I (A 6—1 3)

L.58035 .58035 .26691 .26691J

So the estimated translational vector , b , is obtained using (A.6-13) , (A.6-6 )

and ( 5 .4 .4 .3—28 ) , i .e . ,

b = Ctd (A.6- 14)

or , numerically,

r .lo1351
= I (A.6— 15 )

L- 09063J

It should be noted that this estimate is in excellent agreement with

the exact parameter value s given in (A .6-5c) .

F--
____________ * * — --•-- —
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APPEND IX 7. A-39

SYMBOLS USED IN FIGURES OF CHAPTER VI

_ _  _ 2 _a ~ c = a + b

f i  f fn

(a) Sensor (b) Su~~er

x ~ hx x )- gx

(c) Fixed Weigh t (d) Variable Tap Weight

4 

x_  I ’H
(e) Analog Multiplier 

~
, 

~ 

— — — —

(f) SI/PO Shift Register

11
1~-~’l i i  _ _ _ _=

~~~~~ J i b E 
•r J1 .~~

(g) P1/SO Shift Register (h) Analog Divider

4,

•1~(i) S~~ ple—hold Device
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