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Q~apter 1

IIITRODUCT ION

This investigation is concerned with developing new techniques

for tracking images: specifically, sampled and digitized images. The

major thrust of this s tudy is that there are a number of ways to

Improve a t racking system ’s performance in the presence of noise.

Potential improvements in system performance can be traded off for

lower system cos t or retained for higher speed , improved accuracy, and

a larger class of trackable images.

1.1 Research Objectives and Approach

The pr imary goals of this research are to deve lop and evaluate

techniques for tracking sequences of digitized images. The approach to

be used in searching for  improve d tracking techniques will be to f i rs t

develop a meaningful signal—to--noise ratio by examining the

characteristics of a minimum norm similarity measure for digitized

images , and then investigate way s to increase the s ignal—to—noise ratio

through “intelligent” processing . By adopting a model for  a generalized

image—tracki ng system which is partitioned by task , and examining each

task for way s to impr ove the effective signal—to—noise ratio, the

overal l system performance may be improved. It is essentia l to

recognize the importance of interactions amo ng the variou s t asks or

operations within the tracking system and to avoid employing

innovations in one area which mi gh t be detrimental to the tetal system.

1
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1.2 The Image Tracking Task

Conside r for a f ew moments the pr oblems of building a machine

to pla y tennis,  Obvious] y,  the re a re a numbe r of fun ctions that must be

carried out by this machine if i t  is to do any more than s imply serve

the bal l. It must  cer ta inly be ab le to move around the court with

s u f f i c i e nt speed to return the ball; it must be able to swing a racket

and hit the ball; but above all , it must be able to track the ball wi th

sufficient accuracy to be able to predict where and when to swing the

racket.

If we build this machine with an electronic eye, how will it

actually track the ball? To answer this question , we must investigate

the various pieces of the general machine—implemented Image—tracking

task.

The tracking task can be thought of as consisting of two

separable and sequential subtasks : acquiring the target and tracking

the acquired target image . Before an object or target can be tracked ,

it must be located wi th in  the image. For a human, this may be simple,

but even this almoo t unconscious act ion consists of a sequence of tasks

which are quite difficult for a machine. An orderly search mus t be

conducted using stored data about where the target is likely to be.

Then, for each object found , the recognition or classification task

mast be attempted , perhaps with the aid of contextual  i n f o rm at i o n .  This

problem , while it may be trivial for a 10 year old , is very difficult

to solve using a machine. In fact, for most current applications , a

human operator must still perform the acquisition or target designation

task for the tracking machine.

0
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1.3 A Model of an Image—Tracking System

Once an object to be tracked is found in the image , how is the

actual tracking accomp lished ? The p a r t i c u l a r  a lgor i thm used by the

human eye/brain combination is not known , bu t one possible mode l of a

generalized image—tracking system is i l lus t ra ted in Figure 1. The

components of the model are discussed in the following paragraphs to

provide some insi ght in to the pr oblems of mech anizing a~ image—tracking

machine . The sequence of step s to be followed by the ma chine is as

follows :

I. Reference image in i t i a liza t ion

II. Image sensing

III .  Image motion c ompensation

IV. Preprocessing , consisting of

A. Filtering

B. Enhan ceme n t

C. Feature extraction

D. Comparison set selection

V. Simila rity det ection

VI . Reference image up date

VII. Ta rget modeling and targe t state predict ion

VIII.Sensor moven~ nt to ma in t a in  the target in the f ield of
view

In the fol lowing subsections , each of these s teps  will  be

discu ssed separately. Due to the interrelat ionships which exist

be tween the various step s , some def ini t ions  will be deferred to each

subsection.

0
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1.3. 1 I.f.rence Image Initi.lizat ion

The solution of the acquisition problem implies that an initial

reference image exists since th ere mus t be something with which to

compare the data image. For some systems this may be a photograph or a

computer generated image of the target; it could be a pre itored Bet of

target characteristics ; or , it might be one of the raw sensor images.

In order to track the largest possible class of image s, it seems

essential that the initial reference be derive d from the raw sensor

da ta. In Chapter 5 we will concentrate on ext racti ng the best possible

reference ima ge from the sen~or data.

The ability of a t racking system to maintain t rack on a

part icula r targe t is stro ngly dep endent on the quality of the reference

image. If the initial reference image is not s imilar to the current sensed

data image due to image motion or rapidly chang ing viewi ng angle, the

similarity detection process (see Section 1 .2 .5)  may not f ind a “best

match ” which is satisfactory , and the upda ted r eference image may

not represent the true targe t any mo re closely than did the initial

reference ima ge . In other words , a “ trackable ” targe t image is defined

by having a reference image seq uence which “conve rge s” to the targe t

image.

1.3.2 Image Sensing

)~ny different type s of sensors can be used in image —tracki ng systems :

vidicons, Correlatrons (1), charge —coupled devices ((XD ’s), charge—

injection devices (CID ’s), one—dimensional and two—dimensiona l

photodiode array s, single—det ector line—scanni ng systems , and many more

O ~ 
(1) A registered t radema rk of the Goodye ar Corp.

5
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that are still  in the early stages of deve lopment.  Among the sensors

available today , there are a variety of scanning methods and

sensitivities with a wide ra nge of r esolution , geomet r i c  f ideli ty,

spectral response, and speed. The noise characteristics of the various

types of sensors also vary betwee n types. In some cases , the  noise

characteristics can vary within  a single device due to environmental or

operating conditions, or due to manufacturing methods. For examp le, a 
•

la rge a rea two—dimensional array sensor mi gh t be made up of many

smaller a rrays , each of which has a character is t ic  noise wh ich i8

.,~i fo rm over tha t  small  device; or a C~D sensor may h ave a nonuniform

sensitivity over its active area, thus producing what is known as

“fixe d pattern noise ” ( 7 j . As a result , care must be taken in

design ing a t racking algori thm or preprocessor to assure c ompatibili ty

with the sensor.

1.3.3 Image Motion Compensation

In the general case , the sensor may be both t ranslat ing and rota t ing

with respect to the target , bu t  f o r  the cases t h a t  we wil l  be

investigating , it is assu med tha t  image motion on a f r ame—to—fra me

basis consists of t rans la t ion  onl y. There are a nuither of reasons why

thi s assumption seems to be well  founded f o r  a large f r ac t i on  of the

• t racki ng probleme of in te res t .  Firs t , sensors that  are stabilized in

either pitch and yaw or az imuth and e levation On a moving vehicle will

observe only smell  components of roll about the sensor optical axis as

long as the vehicle is roll stabilized [21 ] .  Second , when the sensor

optical axis is pointed away f rom the instantaneous angula r velocity

vector by more than one half of the sensor instantaneous f ie ld of view ,

I
,

6
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the center of rotation for the image is not contained within the image

itself . Thus , the result ing apparent image motion is in large part

translation perpendicular to the vector from the center of the sensor

field of view toward the instantaneous center of rotation of the image

(see Figure 2). Third , for  reasons that will be discussed later (see

Section 2.2.1) the ma jority of the sensor instantaneous f ield of vi ew

is masked out by the tracke r and only a small subsection of the

- 
ava ilable image is passed to the similarity detector. This smal l

region is referred to as the field of r ega rd or ga t ed region of the

image. This process results in a cons iderably smaller effective field

of view t han even the instantaneous field of vi ew of the sensor , thus

minimizing the error that can occur when correcting for  rotation through

translational adjustments.

= An important part of any image—tracking scheme is the sensing

of and compensation for the sensor motion. The s ize of the search

region within an image depends On the uncertainty in the relative

motion of the targe t with respect to the sensor optical axis. Any data

which can be used to reduce the relative motion , or compensate for  it ,

wil l h ave the effect  of limiting the required search area for  the

similarity detection process. Reduction of the search area is directly

translatable into an increase in the available computation t ime for

each search point s ince fewer comparisons need to be made for  each new

data frame.

1.3. 4 Preprocessing

The preprocessing step in an image—tracking system has historically

been necessary because of the relatively poor perf ormance of the

similarity detection process when operating on raw image ry (8J .
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Figure 2. Image Motion Due to Rotation About a Point
External to the Instantaneous Field of View
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Typical preprocessing f u nctions are amp litude normal iza t ion , signal

enhancement, noise reduction through linear and nonlinear f i l t e r ing ,

filtering in the Walsh or Fourier domain , and other feature extraction

techniques. The result ing image is generally tailored to the

requirements of the similarity detection process. The design of the

preprocessing function is still more of an art than a science, and the

succ ess of most of the presently available image—tracking systems can

be a t t r ibuted in large part to the insigh t of the preprocessor design

engin ee r into the cha racte r istics of the s enso r , the operating

envi ronment , the ty pical image ry that would be encounter ed in the

field , and the similarity detection algorithm that is to be employed .

It is s ignif icant  to note that  the noise s ta t is t ics  in the  raw da ta

image are generally dete rmined by the se nsor phy s ics a nd the s ignal

detection and processing electronics . But , whateve r the characte r istics

of the sensor noise, the preprocessor can modif y t hem . This f ac t  also

enables the system designer to tailor the noise statistics if the

result is compatible with  the rema inder of the  image—tracking process.

For example , noise in a sampled raw da ta image can be made

approximately Gaussian by pr cessing the raw data image with a moving—

window averaging operator i t  the window contains a sufficient number of

points for the central limit theorem to be applied (26J

1.3.5 Similarity Detection

The similarity detection process compares the reference image with a

nuther of candidate subimage s taken from the data image. The result of

each comparison is a s imilarity measure.  The location of the subimage

~*~ich produces the maximum s imilari ty measure (see Sections 2.2.1,

_ _ _ _ _ _ _ _ _ _ _ _  •~~~
_ _ _ _ _
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2.2.2, and 3.9) Is taken as the cur ren t  es t imate  of the location of the

“targe t” as represented by the most recent reference image. The

similarity detection pr ocess is the heart of any image—tracking

algorithm. Some tracking algorithms produce Only a direction from the

center of the data image to the ass umed location of the best ma tch

subimage withou t actually f inding the best ma t ch (character is t ic  of

most analog point—trackers , see Section 2-2 .1); other t racking

algorithms carry out the search for the mos t similar subimage and

output its true location .

An exhaustive examination of the subimage s within the search

region requires a period of time which grows linearly with the area of

the search region or as the square of the search radius. As a result ,

any new similar i ty  detection algo rithm which improves the speed for  a

single similarity measurerlent operat ion w i l l  allow ei ther an increase

in the rate at which data frame s can be processed f o r  a f ixed search

region size , or an increase in the size of the search reg ion fo r a

given data image ra te .

1.3.6 Reference Image Update

A f ixed reference image may be possible fo r  those systems which are

required to track objects wh ich do not change the i r  characteristics or

which can be modeled as not changing the i r  characterist ics  while they

are being tracked . For our tennis—playing machine , it might be possible

to model the tennis ball as a circle which neve r changes size and

adjust the scale factor of the sensor output to make the received image

of the ball match the reference image . An a l te rnate  approach i~ to

change the reference ima ge to incorporate the apparent  change in the

0
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size of the tennis ball .  A re f in ement  of the s imp le ci r cul a r model for 3

the te nnis ball migh t include the location of the seams. This might

make possible the estimation of the sp in on the ball  but would require

that the reference image be updated to reflect the change in the

location of the seams . The spin would then be er t i inated f rom the  frame—

to—f rame change in the location and or ienta t ion  of the seams. For an

image—tracking system which maintains an actual image as the reference

rather than a table of characteristics, the pr oblem of updating the

reference is equall y comp lex. The basic decision that  must be made is

how much of an obs erved d i f f e- e n c e  between the reference  image and a

da ta image is due to a change in the actual scene and how much is due

co noise. In the past , t he quality of the ma t ch between the reference

image a nd the data image has been used to indica te  when the reference

image needed to be up dated . The actual process of up dating t he

reference has varied wi th the pa r t i cu l a r  system . Some systems up date by

getting the next reference image f rom a storage f i l e  [37] . This type of

system is obvious ly limi t ed to t racking objects and image s tha t  arc

both definable ahead of t ime and n ot changing wi th  time. Other

sys tems , once they de cide to u pdate the re fe rence , s imp ly use the  most

recent data image as a new reference image (40] . In general , updating

the reference image in a system withou t prestored re ference  data  is a

di f f i cu l t  problem. The cr i ter ia  fo r  eva lu&ting the upda te scheme va ry

f rom system to system depending on the par t icu lar app lication. The

update problem is one of measuring t he changes between two images that

are dealared to be “most s imilar” by the simila r ity detecto r a nd

• decidi ng wh ich changes are real and which changes are due to noise

phenomena. The s imi la r i ty  detector  compares the give n reference with a
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set of trial images and picks the “most s imilar” image for  use by the

reference update algorithm. For this reason , the reference image u pdate

task is treated as separable f rom , and indepe ndent of , the s imilarity

detection task.

1.3. 7 Target Modeling And Target State Prediction

An output of the similarity detection block in Figure 1 is the location

of the “best match” between the reference image and the  data image. in

a classic feedback control system , this output s ignal would be used to

drive sensor pointing ang les di rectly. In a more modern “aided”

tracking system , the targe t position s ignal is compared with a

predicted target position , based on a model of both the sensor dynamics

and the targe t dynamics. The difference is used to modi fy the s tate

estimates rather than to drive the sensor di rectly. The control system

then computes the appropriate drive s ignals to null  the obs e rve d error

based on the new updated state estimates and measured target position.

If the mo del of the system (sensor and t a r g e t )  is perfect , there should

be no observed error , and the mo dels Will not need to be u pda t ed.

However , system noise and unmodeled states will produce errors

which viii disturb the models so that they are constantly in need of

adjustment. Errors in the targe t mo del can lead to a requirement  for

an enlarged search a rea in the similarity detection process in o rde r to

compensate for  bad (noisy ) pr edictions of fu ture  t arget position. This

increase in search area can result in a longe r period of time being

required to f i n d  the “best match” image. This increase in solution time

then requires a longe r prediction time with a fu r the r  increase in the

possible error , and thus , an eve n large r search area. Thus , computation

~ii
0

12

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~-- -~~ _ ~
_ _ _ _ 

_



--- --

speed in the similarity detection process may define the maximum

allowable search area , and any additional computation t ime t ake n by

modeling must be compensated for through a reduced search area.

1.4 Summary of Report

In +hi-s chapter the research objectives h ave been outlined , the

image tracking task -hms~ been defined , and the component parts of a

generalized image—tracking system -h-e,e -been discussed. Chapter 2

presents as back ground material a summary of applications fo r  image

tracking systems, and some classical similarity detection techniques.

In Chapter 3, a two—dimensional s ignal—to—noise ratio is deve loped fo r

minimum norm similarity detectors and an uppe r bound is deve loped and

expe rimentally verified for  the probability of error associated with a

particular type of misregistration. Chapter 4 presents three

techniques for enhancing the s ignal—to—noise ratio , Chapter 5 presents

an adaptive Kalma n f i l t e r  which is sho wn to be very helpful in reducing

misregistration errors, and Chapter 6 develops and a nalyzes the

performance of an integrated tracking algorithm which incorporates a

complementary set of c omponent algorithms. Chapter 7 provides a

sumoary of this research and some suggestions for  fu tu re  work.  

- -  ~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ . . , ~~~~~~~ :



Chapter 2

BACKGROUND

In this chapter , some historical and current applications for

Image tracking systems are presented , and some classical similarity

detection techniques are discussed. Much of the historical i nformation

presented in this chapter is drawn from the autho r ’s pe rsonal

experiences over ~ ten year period in development , test , and evaluation

of image tracking systems at  the Air Force Missile Development Center

and at the Air Force Avionics Laboratory .

2.1 App lications of Image-Tracking Systems

This section will briefly discuss some historical and current

applications of image—tracking systems in an a t t empt  to provide some

Insight and background for the unfamiliar reader , and perhaps relate

this research to his experience. The reader is encouraged to think of

some application f o r  an ima ge—tracking system which is peculiar to his

field of expertise. For the purpos e of enumera t ion  here , image—tracki ng

systems ar e divided in to  categories by the location of the tracki ng

device :
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I. Space App lications

A. Automatic rendezvous with noncooperative targets

B. Autonomou s orbit determination

C. Aiding earth based tracking for outer planet probes
and orbiters

D. Precision pointing for remote sensing systems

Ii. Airborne App lic ations

A. Air—to—surface missile guidance

B. Air—to—air missile guidance

C. Navigation system updates

D. Line—of—sight stabilization for:

1. Angle rate bombing systems

2. Air—to—air gunnery

3. Reconnaissance sensors

4. Target identification sensors

III. Ground Based App lications

A. Range instrumentation systems for tracking aircraft
and missiles with multiple cinethcodolite cameras

B. Wind estimation in remote areas derived from c loud
tracking in satellite imagery

• C. Anti—aircraft gun pointing systems

D. Image registration for remote sensing using satellite
imagery

2.1.1 Space Appl ications

In the space applicat ions  area , the theo retical  basis for  autonomou s

orbit de te rmina t ion  using line—of —sigh t in fo rmat ion f r o m  landmark —

• tracking systems has been established (281 . The recent Viking missions

to Mars demonstrated the f ea s ib i l i t y  of using on—board imaging sensors
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to aid in deriving the precision spacecraft tracking information

required ~or accurate orbit insertion around the outer planets [20].

2.1.2 Airborne Applications

The airborne appli cations are the most highly developed real—time

systems on the list. The Walleye electrooptically guided glide bomb,

the GBU—8 and GBU—1 5 Modular Guided Glide Bombs ( MCGB), and both the TV

guided and imaging infrared versions of the AGM—6 5 Maverick missile

use image—tracking systems to guide the weapons f rom launch to

targe t [5] , [221. Other missiles use image—tracking systems in their

terminal phase of flight to obtain extremely high accuracies [4].

Air—to—ai r image—tracking systems were tested as par t  of the AIM—82

program to develop a new air—to—air missile (6].  Problems were

encountered when the trackers had difficulty maintaining stable

tracking as the targe t flew in f ront  of a cluttered back ground scene.

Examples of line—of—si ght  s tabilization systems fo r  targe t

acquisition and identif icat ion are the Targe t Identification System

Electrooptical ( TISEO) employed on the F—4E and the Video Au~mented

Tracking System ( VATS) mo dification to the PAVE TACK pod to provide

automatic scene stabilization for  the forward—looki ng infrared sensor

in that system ( 2 2 ] , [ 3 ] , [ 2 3] .

Another application which is being active ly pursued is the use

of range and line—of—sig ht rate information in lieu of a d oppler radar

to update inertial navigation system velocities. This requires very

stable t racking of available landma rks. In a s imilar application, the

U.S. Marine Corps A-’4M will have a t racker on board to provide line—

of—si ght information fo r  an angle—rate bombi ng system [23]. The use of
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an image—tracking system is being investiga t ed to determine the

feasibili ty of using a director me chanization for  air—to—air gunnery

[33]. In this system, the tracke r mus t s tabilize the line—of—sight to

the target.

2. 1.3 Ground-Based App lications

)~ny ground—based applications of image—tracking systems are similar to

the airborne and spaceborne applications in that they are real—time

target tracking applications. Ground based processing of satellite

imagery (such as earth resources data) is an exception. The

difficulties of image registration from on~ satellite pass to another

have been studied by Smith and Phillips [34]. This is an area where

improvements in nonreal— time image—tracking appear to be usable.

Mother application for  advanced tracking techniques is the estimation

of wind speed and direction at remote locations. This has been

demonstrated using satellite imagery [18].

2.1.4 Constraints On System Mechanization

The grouping of appli cations into space, airborne, and ground—based

systems serves to divide the applications by both speed and equipment

cost as well as by processing location. For the space applications, the

hard~~re coats will be relatively high, and real—time processing will

be required for those applications listed.

The airborne systems in the blowaway ca tegory (missile

guidance units) must have a low unit cost and a high processing rate to

accomplish their task. It is in this group that suboptimal performance

4 
- 

may be tolerable to obtain the low cost and high speed required. The

airborne scene stabilization systems can be more cos tly than the
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throwaway guidance uni ts but mus t operate at real—time rates , typically

30 or 60 Images per second , and need a lower value of pointing—angle

noise to accomplish their task of stabilizing long focal length

telescopes. The ground—based applications for satellite image

registration and range instrumentation can employ powerful and

expensive large — scale computers and can operate at nonreal—time rates

to obtain maximum accuracy. At the same time these systems are the

slowest and the most expensive of the present image—tracking systems,

yet  with impr oved algorithms, fur t her research into the underlyi ng

problems, and faster computers, these applications may eventually be

carried out at real—time rates.

2.2 Classical Similarity Detection Techniques

Basic image—tracking techniques can be grouped into t hree

categories:

1) Point—Tracking

2) Minimum—Distance—Tracking

3) Correlation—Tracking

2. 2.1 Point Tracking

Point tracking proceeds on the assumption t hat objects to be t racked

possess characteristics ( features)  which are not present in ad jacent

regions of the image. Under this assumption , a characteristic feature

‘4~ich identifies the targe t class is detected via a feature extraction

process and used to derive the targe t position within the field of

view. Sequential images are processed independently although adaptive

feature extraction methods are usually employed. In their most

p
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elementary form fea ture  extractors  have b inary valued outputs , i.e. if

a feature is present  at a point  in the  image the  output of the fea tu re

extractor is a one at that point , while , if the f eatur e is n ot pre se n t

the output is zero. Features which have been used include the

following :

1) Intensity above a threshold

2) Intensity—derivative magnitude above a threshold

3) Int ensi ty—derivat ive sign change

Examples of the results of these f ea tu re  extractors  operati ng on one—

dimensional data are il lustra~ ed in Figure 3.

For sing le—fe ature point—trackers , error s ignals are  computed

using either an area—balance or centroid algori thm. The area—balance

algorithm integrates the area of detected fea tu res  in each q uadrant of

the gated region of the data image and forms an error  signal for  each

axis by subtracting the resulting values in opposite halves of the

gated region.

The so—called “centroid” algorithm is more often a first—moment

algorithm than a true centroid computation. The first—mo ment of the

area detected by the feature extractor is the usual error signal. Both

the area balance and centroid error signal generating equations can be

written in terms of a weighting function multiidied by the preprocessed

data image value and integrated over the gated region. The horizontal

and vertical error signals are

- 

f_f 

~~~~~~~ f (x ,y) dy dx (2.1)

gated area

and
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Figure 4. Error Computations for Point Tracking Algorithms
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— .1.1 (L) (x ,y) f (x ,y) dy dx (2.2)

~~ted a rea

ithere the weighting functions are :

for area balance

(.~
) (z ,y) — sign(x — x ) (2.3) -

x cl

~y (x ,y)  — sign (y — ‘ ) (2.4)
y ci.

1—i for
where sign( a ) — 0 for a — 0

1 for z > 0

and f or the centroid algorithm

(
~) (x ,y) — x — x (2.5)

x Cl

~~~ (x , y ) — y — y  (2.6)
y ci.

and the notat ion is as shown in Figure 4.

A common method for using the error signal in point trackers is

to drive the gate within the image to null the error signal and adjust

the sensor pointing angles to center the gate within the f ield of view.

Centroid trackers are qui te  susceptible to noise in the preprocessed

data image when the detected target area is small com pared to the gated

area. Under this condition , a small region of noise at  the edge of the

gated area can cause an error of one quarter of the gate dimension
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because of the relatively large magnitude of the  moment con t r ibu ted  by

the noise . This is one of the reasons wh y most of today ’s centroid

trackers are mechanized wi th  adaptive gates (Maverick, GBU—J 5, VATS).

The gate size is decreased as the detected target  area gets smaller in

order to reduce the tracker’s noise sensitivity. A variety of point—

tracker exists which does not convert the intensity image to a binary—

valued image but uses the in tensi ty  values themselves to compute an

intensity centroid . This algorithm is limited to tracking targets which

are significantly brighter (or darker) than their surroundings. The

polarity of the incoming sensor data is reversed to track dark targets.

A primary advantage of this arrangement is t h a t  there  is no threshold

to be set in the fea tu re  ex t rac tor .

Point—tracking al go rithms are the  basis f o r  most of the  cur rent

generation of real—time trackers for airborne applications. For these

applications , the input signals are general ly in the  sta ndard

television format (525 or 875 line scan , e i the r 2:1 or random

interlace, 30 frames/second). The assumption that the selected feature

is not present in the adjacent regions of the image guarantees only

that the target  fea ture  is bounded and not tha t  i t  is unique wi thin the

field of view. As a result , a subregion of the f i e l d  of vi ew mus t  be

gated fo r use by the tracker. A large number of different algorithms

have been developed , some with adaptive gate size , some with f ixed gate

size , and some with mult iple gates. Earl y algorithms used f ixed feature

ext rac t ion  techniques ; later , adaptive thresholds were employed . Error

signal generation was by analog area—balance techni ques for  early

des igns , but f i r s t  moment and true centroid a lgor i thms have become

standard in the most recent models. Selection of features (target
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cha rac ter is t ics ) for  use in po in t— track ing  algori thms has received

substantial support from the Department of Defense . The two most common

featu re extract ion processes are intens i ty thresholding and gradient

thresholding , combined w ith elementary forms of spectral and spatial

filtering . These forms of feature extraction have been selected in

large part due to the ease with wh ich they can be implemented with

analog signal processing techniques.

2.2.2 Minimum Distance Tracking

In order to talk about the “distance” between two image s as a measure

of their sir.iilarity, it is necessary to represent images as elements of

a vector space. While two—dimensional images are commonly visualized as

two—dimensional arrays or matrices of intens ity values, they can just

as easily be thought of as vectors . Thus, the reference image , Ir , will

have both a two—dimensional a nd a one—dimension al representa t ion .

were the possibility of amb iguity exists, the bracketed notation will

be used to indicate the matrix form.

Ir(1 ,1) . . . lr(1,M ) 
—

C

[Ir] — . . (2.7)

I r( M ,1). . . Ir(M ,M )
- 

R R C ~

0 
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Ir(1,1)

Ir Ir(M ,I) (2.8)
R

Ir(1 ,2)

Ir (M ,M )
R C

~~~~~ H and M are the nu mber of elements in each row and column
R C

respectively.

A function D is called a distance function if for a vector

space X, with xl , x2 , and x3 in X, D satisfies the following conditions

(35]:

D (x l ,x2) . D ( x 2 ,xl)

D (x l ,x3) ~ D (xl ,x2) + D ( x2 ,x3)
(2.9)

D(xl ,x2)  = 0 if and only if xl x2

D (xl ,x2) ) 0

It is possible to define legitimate distance functions in

unconventional ways and use these functions to measure the degree of

similarity between two images. One such distance f u n c t i o n  is a

relational metric which depands not on the in tens i ty  at  each point  in

the image but only on the relationship between in tensity valu es at

adjacent points and in adjacent regions. By coding the components of

the vector as follows
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the Hamming distance can be employed to measure similarity between

image s (36) . The importance of this idea is to recognize tha t

unconventional distance funct ions  may be useful if t~iey improve

pe rformance or s implif y computat ion.

The conventional distance func t ions  fo r  images are the  norms of

the di f ference  image forme d between two image vectors. The norm of a

vector x wil l  be indicated b y I lx i i  and is related to a speci f ic  inner

product by the formula

2
flxfl (x , x )  (2.10 )

where (.,.) denotes a generalized inner product [35). The generalized

inner produc t of two conf ormable vectors is defined by a positive

definite Hermitian matrix [24]. If H is a positive definite Hermitian

sutrix , and xl and x2  are column vectors, the inner product (xl ,x2)

defined by H is

T

~x 1 , x2) xl H x2 (2.11)
H

where T indicates the transpose of the vector .  If H = I, the identity

0
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matr ix , then ( . , . )  is the familiar vector dot product. Minimum—norm

tracking seeks to minimize the norm of a difference image formed by

subtracting the data image rrom the reference image on a point—by—p oint

basis. The two most commo n norms are

l ix i l  l x i  (2.12)

and

1
r N (2.13)
~~~~~~~~~~ 

2 1 2
l ix i l  I L.. (x )

2 L i=i i

These correspond to the M inkowski norm s of order one and two ,

respectively [35) . Hen cefor th , when a no rm is used wi thout  a

subscript , it will, be understood to be the  Mink owski norm of order two

with uniform weights (H I).

Barnea and Silverman have developed a class of minimum distance

algorithms f o r  f a s t  digital image reg is t ra t ion  called Sequential

Similar i ty  Detect ion Algorithms ( SSDA ’s) [8) . These algorithms allow

the u se of any dis tance f u n c t i o n  which can b e def ined a t  each point  in

an image pair , and unde r conditions of high signal—to—noise rat ios for

the imagery being processed , require considerably less computation to

find a minimum than the exhaustive search techniques used previ ously.

Webbe r has described techniques fo r se t t ing  the  SSDA threshold [38]

27
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2.2.3 Correlation Tracking 
--

Correlation trackers seek the location of the subset of the data image

which maximizes either the cross correlation function or the nonnaljzed

cross correlation funct ion between a reference image and tha t

particula r sub—image . Let Ir (i , j)  be an L by L reference image , and
L

let Id(i , j )  be an M by M data image . The elements of the unnormalized
K C

aoes correlation surface R (u,v) are defined to be
rd

R (u,v) - ~~~~~ Ir (i,j)Id(i4u,j+v) (2.14)
rd l—lj—l L

1 < u < M + 1— L
R

1 < v < H +l—L
C

By finding the (u,v) which maximizes this function, the translational

registration er ror  is determined [8]. Normalization is acc~ nplished

by dividing this function by the product of the autocorrelation

• functions of the reference image and the data subimage. The normalized

cross correlation surface is defined by

28
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~~~ir (i~i)Id(i+u~f+v)]
i—i j—i L

R (u,v) — (2.15)
rd N

[
~ 

~~~ir (i j) 1 [
~ ~ Id(i+u,j+v)]i—i i—I L i—i ,J— i

These expressions can be rewritten as inner products in the following

fo rm :

R (u ,v) ( Ir ,Id ) (2.16)
rd u,v

2
(Ir ,Id )

u ,v
B (u,v) (2. 17)

rd N
(Ir , Ir)  ( Id  , Id )

U, v u ,v

where Id ( i,j) — Id(u+i,v+j), and Ir is a suitable reference image.
U, V

Various preprocessing techniques have been investigated to

enhance the raw imagery prior to performing the cross correlation.

Hayes has suggested tha t  thresholdi ng , Laplacian enhancement , ed ge

enhancement, and neighborhood averaging may be appr opriate techniques

to apply dependi ng on the sensor used to obtain the  image ry and the

0
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imagery itself [13]. Cross correlation between transformed images has

also been demonstrate d wi th inve rsion [13], Fourier t ransfo rmat ion

(magnitude and phase correlation) [1],  ma rginal s ummation [41] ,  and

phase correlation on the marginal Sums [11]. Pratt has shown that the

peak of the statistical correlation measure can be appreciably

sharpened by application of linear spatial preprocessing (29 ] .

2. 3 Summary

In this chapter an historical s ummary of image t racking

applications and s imilarity detection techniques was presented. in the

following chapters an appropriate s ignal—to—noise ratio will be

developed for the image tracking task , and fou r new techniques will be

introduced to increase the effective tracking signal—to—noise ratio.

0
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Chapter 3

SIMILARITY DETECTION

In this chapter , the relationship between minimum norm and

maximum cross correlation techniques for similarity detection is shown,

the characteristics of the minimum norm distance function as applied to

~ difference image are investigated , and a signal—to—noise ratio which

is applicable to the minimum distance similarity detection problem is

developed . In Chapter 4 , signal—to—noise enhancement techniques are

developed , and in Chapter 6 these techniques are applied to an

integrated tracking algorithm.

3.1 Minimum Norm vs Maximum Cross Correlation

Similarity detection via minimization of the norm of the

difference between two images is equivalent to maximizing the cross

correlation func t ion  between the s ame images under a restricting set of

assumptions . To see this , exp ress the square of the norm of the

difference between two images as an inner product.

2
Il I r— Id il (Ir—Id ,Ir—Id) (3 .1)

Expanding this expression yields

2
I l I r  — Idi I (Ir,Ir) — (Ir ,I d ) — (Id ,Ir)  + ( I d , Id) (3 .2)

V 

~‘

__,~~~..=_, , i... *..P. .. . . - - - a. ‘I

a.’ . .- j T T ~~~~~~, ~~~~~~~~~~~ - .~-“ .. ,- ..



and since the image co~nponents are real valued , the conjugate symmetry

of the inner product allows us to write this as

2
Il Ir — Id il (Ir ,Ir) + (Id,.td) — 2(tr,Id) (3.3) 

- 

-

Since Ir is the r e f er ence image , it is a c onsta nt fo r  all t r i a l

data images. The last term on the right—hand s ide of (3.3)  is the

cross correlation between Ir and Id (see Section 2 .2 -3 ) .  From th is  we

observe that if (Id ,Id )  is a consta nt , then minimiz ing  the norm of the

ci f fe rence  image is equivalent to maximizing the cross correlation

function between Ir and Id . When (Id , Id)  is a co nstant , the pr ocedur es

wh ich will be developed in th e followi ng sections wi th respect to

minimum norm algorithms will produce results  which are  equivalent to

maximum cross correlation tracking algorithms. In all o ther  cases ,

while results may be simila r , n o guarantee is made about their

equivalence.

All of the t racking algorithms to be investigated will be

minimum norm algorithms . Speci f ically, wi th  t h e  exception of the non—

uniformly weighted norm which will be developed in Section 4.1 all

norms will be uniformly weighted Minkowski norms of order two.

3.2 Notation

In order to facilitate precise descriptions and a compact

notation , the following list of terms and symbols will be useful:

UNDERLYING IMAGE , Is — A perfect representation of the scene being

viewed by the sensor. Both Ir and Id are noise corrupted

versions of Is.
0
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1~~~j (M
C

REFERENCE IMAGE , Ir — The s tored r efe r enc e image is the “best

available” representation of the scene being viewed by the

sensor. In this context, “best available” depends on the

particular tracker , sensor , etc. .  If  t he t racker  uses a

prestored reference, the reference image may be an old

reconnaissance photograph , or a manually generated drawing. Ir

is an M xM digitized image.
R C

I r( i , j)

1 ( i ( M
R

1(j~~~M
C

DATA IMAGE , Id — An H xM digitized image , taken directly from the
R C

sensor.

Id ( i , j)

1~~~~ i ( M
R

1(j~~~M

.

11.  

C

* 1 _ _  

_ _  _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _  _ _ _ _ _ _ _

_

______

________ - ~~~-.- - - ______.,. ~~~
- . ., , . - . -

_ _ _ _

__________ 
-
~~ —,.~~~ —-. . ~~~~~~~~~~~ —— —-— —,——— —- —..— ..-— .—--— . ..-—,—-, —, .-. - - -~~~, .,.-.-.-——-. .—.—,- -.— ,-. —...— -— —



- 

T~~~~~~~~~~~~~~~~~~~~~~~~
—- U-. - ,. —

R EFERENCE INDEX SET , L -- An Nx2 index set specifying the row and column

associated with a p a r t i c u l a r  element of the  reference set .  I f

the reference set was always going to be a contiguous block of

pixels of a fixed size, then the location of one corner and the

length of each side would suffice to identify all of the pixels

in the reference set. Historically this has been the

configuration for the reference set (40) , [8] . In Section 4.3

we will see that the effective signal—to—noise ratio is

increased by selecting p ixels from h igh signal regions of the

image for inclusion in the reference set. Because the pixels

in the reference set may be spread out over the whole image,

the reference index set is required to keep track of the row

and column associated with each included p ixel.

L(i , j)

1~~~i (N

j 1,2

REFERENCE SET — The subset of the reference image indexed by the

ref erence index set.

Ir(L(i , 1) ,L ( i , 2))

1~~~ i~~~ N

DIFFERENCE IMACE, D — The image formed by shifting Id(.,.) with respect

to Ir(.,.) and taking the point—b y—point difference. The

difference image is not defined where Ir and the shifted Id do

not overlap.
0
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I

D (dy,dx ,i,j)

—dy (d y~~~dy
MAX MAX

—dx ~~dx~~~dx
MAX MAX

max (1 ,dy ]  ~ i ~ m in ( M ,M —d y ]
R R

max [1 ,dxj  ~ j  ~ min[M ,M —d y ]
C C

COMPARISON SET , Ic — The set of d i f ference—image elements specified by

the reference index set.

Ic(dy,dx,i) ~ D(dy, dx ,L(i,l),L(i,2)) (3 4)

1 ( i( N

—dy (d y~~~dy
MAX MAX

• —dx (dx~~~dx• MAX MAX

TRIAL REGISTRATION — The relative shift of the data image with respect

to the positions of the picture elements as received from the

sensor. Each trial registration produces a different comparison

set. The t r ia l  reg ist rat ion wh ich produces the comparison set

with minimum norm wi l l  be denoted ~~~~~~ othe rwise the trial

r egistr ation will be denoted (dy, dx) .

35
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3.3 Assumptions

It is assumed that:

1) Id differs from Ir by a translational
misregistration and additive zero—mean noise in each
image

Id(i , j)  — n (i,j) Ir(i+d~,j+~~)—n (i+~~,j+~~)
d r

(3 .5 )

2) The noise components of Ir and Id are
uncorrela ted

E[n (i,j)n (i-fdy,j+dx)] 0 (3-6)
d r

where n (.,.) is the ze ro mean noise associated wi th the
r

reference image

n (.,.) is the ze ro mean noise associated wi th the data
d

image , and

E ( . )  is the expected value operator.

Both of these assumptions will  hold when the principle source of noise

is electronic shot noise, and the average scene illumination changes

slowly with respect to the frame rate.

3.4 Distance Function

2
The distance function d (d y, dx ) is defined as the weighted norm -

A

of Ic (dy,dx ,-)

0
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2 T
d (dy , dx) Ic(dy, dx , .)  A Ic(d y d x , . )
A

N
2

— L.a a Ic(dy , dx ,i) (3.7)
i—i ii

where A is a diagonal mat rix of positive wei ghting fac tors  w~ ’~

elements a • When A is the i den t i t y  mat r ix , we will  use the  no ta t ion
ii

2
d (dy, dx) to indicate the specif ic  case of equal weights for all
I

componen ts of Ic(dy, dx , . ).

3.5 Tracking Algorithm

2
The tracking algorithm will compute d (dy, dx) for a range of dy

A

and dx values , a nd select the (d y, dx) which corresponds to the minimum

2

value of d (dy,dx) as the relative translation of Id with respect to
A

Ir. The r ange of va lues fo r dy and dx specifies the size of the search

region. All search regions wil l  be treated as being symmetric with

—dy dy ~ dy and —dx ~ dx ~ dx • This is based on the
MAX MAX MAX MAX

assumptions that the search is centered on the mos t likely location for

the image, and that the distribution of errors is symmetric about that

location .

0
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3.6 Noise Charactcriatfcs

The reference image i r  is of course not a perfect

representation of the underlying scene being viewed by the sensor. If

I r is obtained direct ly from the sequence of data images, it contains

noise with  the same characterist ics as all  of the other  data images.

If the reference image is obtained by f i l t e r ing the sequence of data

images , then the noise component of Ir will differ from that of the raw

data images. The var iance  of the reference image noise component

associated with the image location Ir(i,j) will be denoted by

2
a- (i , j) ,  that is
n ,REF

2 2
a- (i , j)  E [  n ( i , j)  1 (3 .8)
n,REF r

The noise variance associated wi th  the (i , j)  coordinate of the

2
data  image Id  is o (i,j).

n ,DATA

2 2
a- (i,j) — E m  (i , j ) ]  ( 3 .9)

n ,DATA d

For sensors w i t h  s ing le channel  ou tpu t s where therma l noise is

the dominant  component of n , we wil l  assu me tha t  the noise is ergodic
d

and hence has stationary statistics [271 . Vidicons , laser line

scanning systems with single detectors, and certain infrared scanners

fall into this class of imaging sensor [39] . In addition , since the

0
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sensor output is generally low pass filtered prior to digitization , a

first order Markov model will be used for the sensor noise statistics.

In Sec t ion 3.8 a model for imagery will be developed and the Markov

nature of the sensor noise will be seen.

Stat ionary noise s t a t i s t i c s  allow us to e l iminate  the spatial

2
specif ici ty of the noise variances and simply write them as a- and

n ,REF

2
Spatial and temporal ergodicity will allow us to estimate the

n ,DATA

noise variance at an arbitrary point in the image from the sample

variance c’f the noise over the whole image (note that for scanned

sensors spatial and temporal ergodicity arc equivalent).

0
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3.7 Characteristics of the Auto—D istance Function

The auto—dis tance  f u n c t i o n  is the two—dimens ional distance

2
function which results from computing d (dy,dx) between an image and a

A

translated copy of the same image . The auto—distance function has

characteristics which are determined by the statistical signal and

noise properties of the image itself.

Consider the case of shifting the reference image with respect

to itself in a direction parallel to a scan line from an initially

2
registered position . At regis t ra t ion , the distance d (0 , 0) is zero

I

since all of the elements of the comparison set are zero.

I c (O , O ,i )  D [ O ,O ,L(i , l ) , L ( i , 2) ]

— I r (L ( i , 1), L ( i , 2 )] — I r [L ( i , 1)+0 ,L( i , 2)+O)

— 0 (3.10)

2
For a sh i f t  of one picture element, or pixel, d (0,1) has contributions

I

from both signal and noise components.

Ic(0,1 ,i) — Is (LU, 1) ,L(i,2)]+n (LU , 1) ,L(i,2)J
r

—Is[L(i,1), L(i,2)+1)-n [L(i ,1),L(i,2)+1J (3.11)
r

0
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Let

m (dy, dx) — Ia [L(i ,l)+dy,L(i,2)+dxj—Is [L(i,1), L(j,2)] (3.12)
I

then

N
2 r

ci (dy,dx) — L a I m  (dy, dx)+n [L( i,l) ,L(i,2)]
A i—i ii~~~i

12
—n (L(i~ 1)+dy~L(i , 2)-s-dx]J (3.13)

r

2
The signal component of d (dy,dx) is the contribution from

A

{ m (dy dx) J. The noise terms represent the difference between the

noise at two pixel l ocations separated f r o m  each other by a translation

of (dy,dx). For line scanned image ry, the noise will be modeled as a

Markov process in time ; thus the noise will be correlated with itself

much more strongly in the direction of scan than in the direction

perpendi cular to the scan.

Taking the expected value of (3.13) yi elds

0
41
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N
2 2

E(d (dy,dx)] a in (dy,dx)
A i~ 1 i i i  - -

+ ~~~a E[(n (L(i ,1),L(i,2)]i=1 ii r

2

— 

~~~~~~~~~~~~~~~~~~~~~~~~ 
(3- 14)  

- 
-

and by writing the noise contribution in terms of the reference image

2
noise varia nce a- and the  correlat ion co e f f i c i e n t  fo r  the noise

n,REF

f(d y, d x ) ,  we h ave a n expression f o r  the au to—dis t ance  funct ion  of the

refe rence image

N
2 ~~~~

‘ 2
E[d (d y , d x ) ]  ~~, a in (d y, dx)

A i= 1 iii

N
2

+ 2 a- (1— p(dy,dx)iLa (3.15)
n ,REF ~‘ i= 1 ii

Using uniform weights and taking an average over the N elements in Ic

yields

42
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2
d (d y, dx)
I 2 2

E - = m (dy,dx) + 2 a- [1— p (dy,dx)) (3.16)
N N ,AVE n,REF /

where

N
2 1~~~

’2
m (dy,dx) = — Lm  ( dy , dx) (3.17)
N ,AVE N i= 1 I

Let T(dy,dx) be the scan time difference between two pixels

sepa rated by (dy, dx)

T(d y, dx) 
~ T dy + T d x  (3.18)

y x

where is the t ime that  the sensor takes to scan one e n t i r e  line and
y

T is the scan time between two adjacent pixels in the same line.
x

For a f irst order Markov process (see Section 3.6) the

normalized autocorrelation function has the form [12)

-
~~~I~~I+(T) e (3- 19)

where 1/o~ is the co rrelation t ime of the  process .  The co r re l a t ion

coefficient f(dy1 dx) in (3.16) is the value of the nor”~alized

autocorrelation function of the noise when the t ine delay is the sca n

time difference between two pixels separated by (d y,dx). Substituting

(3.18) into (3.19) yields an expression for the correlation coefficient

0 in terms of d y and dx.
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f(dY~dx) — exp ( _ o j y d 7 + 1 dxl ] (3.20 )

For a minimum resolution TV compatible scanner with 256

pixels /horizon tal line (
~~ > 2567 ) and a correlation time of a few

y x

pixels (say 1/o(< 47 ), it is clear that ~ (dy,dx) is approximately ze ro
x )

for dy~~~ 0. -

f(dY~dx) ~ ~~~ 

1 

~256YdY + T d x l
1 4T  x x
L x

< exp i —64Jd~ J 
— .251 dx 1] (3 .21)

Thus we can assume that the noise component of line scanned imagery is

~mcorrelated between pixels which are adjacent to each other in a

direction perpendicula r to the direction of scan , but  we mus t take into

account the correlation which exists between pixels that are adjacent

to each other in the direction of scan.

3.8 A Facet Model for Imagery

2
In order to do anythi ng useful with d (d y, dx) , we need an image

A

~~del with tractable characteristics for m (dy, dx). The model that we

will use assumes that the image intensity is a well—beh ave d funct ion

that can be approxima t ed by a local t angent plane ( facet) in the

44 
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vicinity of each pixel coordinate. The resulting expression for

Is(i4dy,j+dx) is a truncated Taylor series in two variables

Is(i4dy,j+dx) — Is(i , j ) + dy vla(i,j).?
y

+ dx Vls(i , j) •t  (3. 22 )

where V is a discrete gradient operator defined by

Is(i+1,j) — Is(i—l,j) ,,
VIs(i ,j )  — 1

2 y

Is(,j+l) — Is(i,j—l)
+ 1 (3.23 )

2 x

and 1 and 1 are unit vectors parallel to the x and y axes
x y

respectively.

For L(k ,1)—i and L(k , 2) —j  the expression for m (dy , dx ) is
k

1%

m (dy, dx) — VIs(i,j).(dy 1 + dx 1 ) (3. 24)
4 k y x

and substituting (3.24) into (3.17) the general expression for

2
a (dy, dx) is
N,AVE

0 
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N 2
2 

A
a (dy,dx)” —L_. NIs[L(i,1),L(i,2)]’(dy 1 + dx 1 )

N AVE N i—i L y x

(3.25 )

Figure 5 shows the expected value of the normalized auto—

2
distance funct ion for  a s ignal—free image (in (dy, dx)—O ) with a

N,AVE

2
noise variance of C— 3 and a noise—correlation coefficient of the form

n

exp (_ .7 I dx l ]  for dy — 0

f  (dy, dx) (3.26 )

0 otherwise

Figure 6 shows the value of the auto—distance function for a noise—

2
free image ( (T—0 ) with average signal strength

n

2 2 2
in (dy, dx) — 1.66 dy + .16 dx (3.27 )
N,AVE

• where the coefficients are adjusted to ma tch the empirical data listed

in Table 1. Figure 7 shows the expected value of the auto—distance

function for an ima ge which combines the noise characteristics from

Figure 5 and the signal characteristics from Figure 6.

To de~~ nst r ate the facet image mode l by compa rison with

0
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Fi gure 5. Auto—Distance Function for Pure Noise
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experimental data , Table I lists the values of the at i t o — d i s t a n c e

func t ion  f o r  a small  subimage taken from a frame of television image ry

(see Appendix I for source dac~ ). Figure 8 shows the  plotted

values for dy 0 and dx 0.

Note the ma rkedly smaller signal component in the direction

parallel to the axis of the scan (x—axis) and the similarity between

Figure 7 and Figure 8. The differential signal strength in the x and y

directions is attribu table to a high digitizer sampling rate relative

to the bandwi dth of the output  signal  f rom the sensor.  The s imi la r i ty

of Figure 7 and Figure 8 demonstra tes  the va l id i ty  of the face t  model

and the Markov na tu re  of the  noise.

3.9 Cross—Distance Function

2
When d (d y, dx) is used to compare a reference image Ir with

I

2 2
noise variance 0 to a data  image I d  wi th  noise variance a

n,REF n,DATA

the result ing two—dimensional distance function will be called the

cross—distance function . The cross—distance function is biased with

respect to the auto—distance function by an amount equal to the sum of

the noise variances from the reference image and the data image. For a

correctly registered data image

0
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2
d (0,0) r N -i
I ‘ I ~~

-•’ 2 1
E = —El ~~~Ic(0,0,i) I

N N L i-i J

2 2
+ O’ (3 .28)

n ,REF n ,DATA

and for  a relative t ranslat ion of (d y , dx)

2
d (dy,dx)
I 2 2 2

E m (dy,dx) + O~ + 0 (3.29)
N N ,AVE n,REF n,DATA

Table It l ists the values of the cross—dis tance  f u n c t i o n

between two successive frames of actual T.V. imagery , and Figu re 9

shows the plotted values for dy = 0 and dx = 1. I n th is  case , t h e

minimum distance match occurs at a translation of (0,1). It 15 the

location of this minimum distance coordinate that the tracki ng

algorithm declares to be the present position of the current reference

Image. If the location of the minimum distance coordinates change on a

frame—to—frame basis, the change is interpre ted to be e i ther  sensor

nition or image motion.

In the next two sections we will develop an expression tor the

pr obabi lity of making a particu lar error in determining the correct

registration of a data in~age with respect to the reference image,

• propose a natural “signal—to—noise ” ratio for the minimum norm tracking

problem and show the relationship between this signal—to—noise ratio
0

and the probability of error.
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3.10 Distance Function Statistics

Since each compon (-nt of Ic is the difference between two noise—

corrupted image intensity values , Ic is a random Vectorl The mean

th
value of the i component is

EiIc(dy,dx ,i)J = —m (dy,dx) (3.30)
i

and t h e  var iance  is

v a r ( I c ( d y , dx , i ) J  v a r ( n  ) + var[n
r d

2 2
+ ~~~ (3.31)

n ,R !F n ,rATA

If n and n are Gaussian random variables (we will see later
r d

that th is  assumption is in good agreement  wi th exper imen ta l  d a t a )  then

2
d (dy,dx)
I

2 2
0~ + 0 -
n,REF n ,DATA

Is a noncentral cu —square distributed random variable with

noncen t r a l i t y  p a r a m e t e r  e and N degrees of freedom where (16]

0
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2
N in (dy,dx)

G(d y, dx )  =

1=1 2 2
0~n ,REF n ,DATA

2
Nm (d y, dx)

N ,AVE
= (3 . 32 )

2 2
0- + 0 -
n,REF n,DATA

For (dy, dx) (0 ,0) the resulting distribution is central chi—square with

N degrees of freedom .

For each (dy,dx), there exists the possibility that as a result

of noise in both the reference image and the data image , the distance

f u n c t i o n  value at  the correct registration is greater than the distance

function va lue at an incorrect registration1 For a correctly

registered data image the tracking algorithm will make an error any

time that there is some (dy ’,dx ’) such that

2 2
d (0 , 0)—d (d y ’,dx ’) < 0 (3.33)
I I

Under what conditions will this occur , and how is it related to the

noise parameters ? To exp lore these questions we let

4 
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2 2 2
0- — 0- + 0- (3.34)
n n,REF n,DATA

and define two nor1nalized random variables U and V

2
d (d y, dx )
I

U(dy,dx) (3.35)
2

0-
n

and

2
d (0,0)
I

V — (3.36)
2

0-
n

In general U and V are not independent random variables since it Is

• possible to have a reference index Set with

(L(i ,1),L(I,2)] — (L(j ,1)+dy,L(j,2)+dx) (3.37)

for some legitImate set of (i,j,dy,dx). In fact , this case

predominates when the reference set is composed of a contiguous block

of pixels. Under this condiiion , a noise samp le may contribute to b o t h

2 2 2
d (0,0) and d (dy,dx). The only way to ensure that d (0,0) and
I I

0~~
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2
d (dy, dx) are independent is to require that for all i J  < N
I

IL(~
,
~

) _L(j,1)I > dy (3.38)

and

L(i,2) — L(j,2 ) I  > dy (3.39)
MAX

Figure 10 illustrates the spacing required to ensure that U and V are

*mcorrela t ed when the noise samples are independent in a uniformly

spaced reference et with dy — dx — 5 and N — 64.
MAX MAX

Let-P (dy, dx) denote the probability that for a correctly
C

2 2
registered data image d (0,0) is less t han d (dy, dx)

A A

2 2
P (dy,dx) — P( d (0 ,0) — d (dy, dx) < 0] (3. 40 )
c A A

P (dy dx) is the probability of being correct with respect to the
C

decision on whether the reference image is registered at (0,0) or at

(dy,dx). The proba bility of err or , (dy ,dx) is the c cxuplemen t of

P (dy ,dx) -

C

P (dy, dx) — 1 — P (dy, dx) (3.41 )
C

- 4  
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SEARCH REGION N = 64
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c—I

C 3 0 0 0 0 0 0

C U 0 0 0 a U
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dy +1
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—0 0 0 0 0 0 0 0
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Figure 10. Relative I’ositions Specified by a
Re fe rence In d ex  Set for  U and V to
Cont ain Unco r r e l a t ed  Noise
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Let

W(dy, dx) — V — U(d y, dx) (3.42)

For large values of N , both U and V tend t oward a normal distribution

[16] . We will normalize W(dy, dx) to zero mean and unit variance by the

trans format ion

W(dy, dx)_E{W (dy dx)J
• X(d y, dx) —

- (3.43)

/ var[W 
(dy, dx)]

and for large N, approximate the probability distribution function of X

by the unit normal distribution. Thus

P (dy ,dx) — P (W (dy , dx) < 0]
C

I

* —EW(dy, dx)
— erf

Jvar{w(dy1 dx)]

~ erf
[E

(dY1 dx)} (3 .44)

*

~~•re erf ( . )  is defined by

* i r~
c 

r-~
2
i

erf (X) 
7 J  ~ 2 

j d t  (3.45 )
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*

We now derive the expressions f o r  the  argument  of erf ( . )  in t e rm s of N

and e , the parameters of the  noncentral chi—square distributions

associated with U and V.

E(W(dy,dx)) = E [V] — E (U(dy,dx))

= N — [N ~~- e(dy,dxn

= — e(a y, dx)  (3. 46)

var [W(d y,dx)) = var [V - U ( d y, dx ) ]

2 2
— E [V I + E(U (dy,dx)]

2
+ O(d y, dx) + 2 &(d y , d x ) E ( V ]

—2 E (VU (dy,dx)]

—2e(d y , dx ) E [ u ( d y, dx ) ]  (3.4 7)

E Ly ] — N (3 .48 )

2 2
E l y  ) N + 2N (3 .49 )

0
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E(U (dy,dx)) N + G(dy,dx) (3-50)

2 2
ECU (dy,dx)) = [N + ê(dy,dx)] + 2[N + 2 ed y, dx)] (3.51)

E [VU(dy,dx)] — 0- 0- p + E[V)E[U(d y,dx)]
V U(dy,dx)/VU

= fJ~~~~
i
~~~(dY~dx)] + N (N+~~(dy, dx)]

(3.52)

where p is the correlation coefficient between V and U(dy,dx).

Subst i tut ing (3.48 ) through (3 -52)  into (3.47) yields

var [W(dy,dx)] = 4N + 4~~ (dy,dx)

/2
— 4 p /N +2N ê(dy,dx)

/ w-/

(3.53)

0
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and now substituting (3. 32 ) for  e. the argument of (3.44) becomes

2
N. (dy dx)

N,AVE

2
0~
n

~~ 
(dy ,dx)—

N /
/ 2  / 2 2
4Mm (dy, dx) 2N m (dy , dx)

N,AVE N~AVE

2
m (dy,dx)

J

_
~~~~AVE

- 

/~~m
2 

(dy , dx) /~~~~~~~~~~~~~ d~~~

’ -

• 
1+ 

N,AVE 
- 

N ,AVE

(3.54)
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Let

2
m (d y, dx)

2 N ,AVE
‘

~
‘ (dy,dx) 

~ (3.55 )
N ,AVE 2

0-

n

2
It appears that ~ (dy, dx) Is the natural signal—to—noise ratio for

N ,A VE

2
this minimum—norm detection p~oblern . Notice that ‘( (dy,dx) Is

N, AVE

di f fe r en t fo r ea ch (d y, dx ) .  This s ignal—to—nois e  rat io is a two

dimensional function -

An uppe r bound can be established for (dy,dx), the

probabili ty of a particular error , by letting p = 0 in (3.54). Then
1 w

2

N ,AVE (3. 56)
~~ (dy,dx)—
N / 2

2/i. + I
J N ,AVE

and

H *
P (dy,dx) < 1 — erf 1E . (d y, dx)]  ( 3.57)

N
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2
The upper bound is a function of 

~~~ 
and N only. Figure 11 shows

N,AVE

2
how the maximuia probability of error varies with 

~ 
for various

N,AVE

values of N.

3.11 Experimental P robability of Error Determination

In order to assess the accuracy of the probability of error

bound of (3.57) and to investigate the improvement that might be

obtained when the noise component of the data image is correlated

between trial registrations , a series of simulations was performed.

For each simulation , the reference image was noise—free and noisy data

Images we r e generated by adding artificial Gaussian noise with variance

2
0- to a copy of the reference image . Since the reference image is
n

assumed “pe rfect ”, the auto—dis tance  f u nct ion  provided a ci ire ct  measure

2
of m (dy,dx). Thus, for any reference index set and any trial

AVE

regist ra t ion , the signal—to—noise ratio was known . The probability of

error was estimated by counting the fraction of the total number of

2 2
trials on which d (dy,dx) was less than d (0,0). Figu r e 12 and Figure

I I

13 present the resul ts  of two Monte Carlo s imula t ion  runs  of 100 t r i a l s

each. The 100 tr~als provide 95% confidence intervals ranging from ±.1

+.05
for P .5 to for  P near 0 [ 14 ] .

-.00 1

0
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In each case the reference in~ ’~~ --et spacing was selected in

2 2
such ~ way as to make d (dy,dx) independent of d (0,0) for the points

I I

plotted . Figure 14 illustrates the decrease in probability of error

2 2
that occurs when d (dy,dx) and d (0,0) are correlated . The reference

• I I

set in this  case was a contiguou s block of pixels. It is clear from

these results  tha t  corre la t ion  between correctl y r egis tered  and

misregistered distance f unc tion vel ues may be exp loited to reduce the

~:robability of error below the upper bound e-tablished by (3.57).

3.12 Summary

2 2 2
Since ~ (d y, dx) depends on the sum of 0- and 0-

N ,AVE n,REF n ,DATA

the probab ili ty of e r ro r  can be r educed by reducing either of these t ’.~’o

quantities. A trade—of f will generally be n ecessary with respec t to

2
reductions in 0- fo r  l ine scanning sensors. Inserting a iou pass

n ,DATA

filter into the sensor output will reduce the noise variance after

digitization but will also increase the correlation time for the noise

and decrease the bandwidth of the sensor. The effect of reduced sensor

bandwidth is to decrease the  magnitude of in (0 ,dx) f r o m what  i t  would
I

be wi thout  a low—pass f i l t e r .  Whi le  it is c learly necessary to provide

some low—pass filtering of the sensor output to suppress aliasing , the

decision on whether to r educe the bandw idth of the sensor any further

nuist be based on the an t ic i pated scene conte nt and sensor noise.

71 

— - - - 4

p.

_ _ _ _  _ _ _ _ _ _

~~~~~- 
—-5 ---5- ---

~~~~~~
- -.

~~~~~~~~~~

- 
— -

~~~ —~~~ 
-5--



r

F i l t e r i n g  can also be p e r f o r a ~-d a f t e r  s amp l i n g  a n d/ o r

di g i t i z a t i o n . In S e c t Ion  4 . 2  we will discuss a promising nonlinear

t e chn ique .

2
The r e du c t i o n  of 0- through processing of the  raw d a t a

n ,REF

images to form a low—noise reference image m u s t  be vi ewed as  a strong

candidate. The objective is to register the sequence of i n c o m in g  d a t a

images and f i l t e r  the  t ime series presented at each p ixel l ocation to

form an e st ime t~ of t h e  i n t e n s i t y  a t  t h e  correspondi ng p o i n t  in t h e

underl ying image . Filtering on a frame—to—frame b a s i s  p reserves  t h e

resolution of the raw sensor data and reduces the noise leve l of the

reference image by averaging the noise over a nuith er of frames. It

also incorporates any change s In the underly ing image into the

refereice image , though necessaril y with some de].ay. Chap ter 5 w i l l

deal with this subject in greater detail.

2 2
The only remaining variable to affect ~ 

is in (d y, d x ) ,
N ,AVE AVE

the square of the average gradient of t h e  image in t h e  ne i ghborhood of

the set of p ixels which comprise the comparison set. It is clearly

possible to select the set of pixels to be included In the comparison

set based on the gradient. In Section 4.3 we will discuss an approach

to this selection process based O~~ a new gradient magnitude estimation

al gorithm.

An a l t e r n a t e  app roach to m a x i m i z i n g  P (d y, dx) is to f i n d  an
c

appropr ia te  wei gh t in g  m a t r ix A which wei gh t s  t h e  “b e t t e r ” c omponents  of

Ic mo re heavi ly.  Section 4 . 1  c o n t a i n s  t h e  development  and  d i s cussion

• of t h i s  approach .
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Chapter  4

SIGNAL —TO—NOISE EN~{ANCEMENT TECHNIQUES

In t h i s  ch apter  th ree  new t e c h n i ques ar e  deve l oped to  reduce

the probabili ty that the tracking algorithm will make a r e g i s t r a t ion

error. Each technique is de mon st ra ted and two of them a re  inc luded in

the integrated tracking algori thm which is developed and evaluated in

Chapter 6.

4.1 Nonuniformly We igh ted Norm

In the previous chapter , we dealt with the case of u n i f o r m

weights for each component of Ic. In this scction , we will derive an

expression f o r  the we igh ts a wh ich maximize s the lower b o u n d  on
Ii

2
P (d y,dx) for a given set of ( to  (dy,d x ) )  and noise variance 0-.
C i n

Let

2 2
ci (0 , 0) — ci (d y,dx)
A A

Y ( d y , dx) (4 . 1 )
2

0-
11

and normalize Y(dy,dx) to zero ‘sea4, and unit variance wi th the

trans formation

I
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Y ( d y , dx) _ E [ Y (d y , d x ) ]
Z ( d y, dx )  (4 .2 )

Y(dy,dx)

For la rge N , Z ( d y , dx )  co nverges in d i s t r i b u t i o n  to a u n i t  normal random

variable [16] .

P (dy,dx) P[Y(dy,dx) < 0]
C

I —E [Y (dy~ dx)J

~~ 
Z ( d y, dx)  < ___________

L Jvar Y ( d y, dx)

* _E[Y (dy, dx)J Ierf —— - 
( 4 . 3 )

,/r Y(dy, dx) J
where
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_ _

1 2 2
E[Y(dy,dx)) — EEd (0,0)) — Eld (dy,d x ) ]

2 A A
a-

4~~~a [E(~
n (0 ,0,1) - n (O,0,i f l )ii r d

2
—E [n (0,0,1) — in (d y , dx) — in (d y, d x .i ) )

r I d

N
1 ~~ 2

— — La in (d y , dx)  (4 .4 )
2 i~~1 Ii I

c3-
in

Since E[Y(dy, d x ) ]  is nega t ive , t h e  lowe r bound on P (d y, dx)  represents
C

the case in wh ich var [Y(dy, dx)) takes On its maxi mum value.

1 1  2 2 1
va r [ Y ( d y, d x ) J  < — (var [d (0 ,0) )  + v a r [d  (d y , d x ) ]~ ( 4 . 5 )

4L A A
a-

n

I
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r N
2 2

~~r (d  (0, 0)] — var l L a Ic(0 , 0 ,i)
A li—i ii

N
2

— L.a var [Ic(0,0 ,i) I
i—i ll

N
4 2

2 a- a (4.6)
n i—i ii

N
2 2

w r (d (dy, dx)] — var [La Ic(dy,dx ,1)
A i— i ii

N
2 2

— a var [ Ic (dy , dx , i )  I
1—I 11

N
2~~~’ 2 2

2 C5 L.a [2si (dy,dx) + a- i  (4.7)
n i—l u i a

Substituting (4 .6)  and (4 .7 )  into (4.5)  yields

N4 c ~ 2 2
~~r (Y(dy , dx)] < —L_ a Em (dy,dx) + a- J (4.8)

2 i—l ii I aa.
a

Again substituting (4.4) and (4.8) into (4.3), we get the desired

expression for the lover bound of P (dy,dx).
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\
N

2
in (d y, dx)

~
y- i-~1 I i i
n

*

P (dy,dx) ) erf ________________________ (4•9)

/

~~a
2 

E m (d y, dx )  + 0 - ]
i—l u i n

Since we are in teres ted in f i n d i ng the matr ix  coeff icien ts a wh ich
ii

~~xi mize P (d y , d x ) ,  we ohse~~ e t h a t  e rf
*
( . )  is a mono tonlc increas ing

function , and it is only necessary to maximize the argument in o rde r to

nuximize the value of the function. Let

~~ 2
m (d y, dx)

1.—i :11 I
= _______________________

N / N  (4 .10)

2 0-J~~~ a m
2

(d y , dx) + CT
in i_ —i ii i in

1.~ t ake the pa r t ia l  derivat ive of ~~ (d y, dx) w i th  respect to each no n—
N

ze ro element  of A , and set the  resul t ing expressions to zero.

‘
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~~E ( d y, dx)

— 0 ; k =

da
kk

in

1
N —

2 ° 2 2
2~ T a ( m +C T )

in i—l u I n

N
2 2 

~~~
‘ 2

a (in + 0 5 -)  La to

kk k n 1=1 ii i

3
N — 

( 4. 1 1)

2 2 2 2
2 0- a (m + CT)

n i—l u 1 to

Collecti ng tern~s containing a and in y ields
kk k

N
2 2 ç’ 2 2

a In (dy,dx) + a - ]  L Em (d y, dx)  + CT]
kk k n 1=-I I in

2 N (4.12)
m (d y, dx)  2
k a in (dy,dx)

1— 1 ii :1

I
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fo r each k, k 1 ,2,...,N. We now have N simultaneous equations , a l l  of

which have the same term on the  r i g h t —han d s ide . Since th e  term on the

ri gh t — h a n d  side of ( 4 . 12 )  does not depend on k , it Is an a r bi t r a r y

cons tan t .  We set  th i s  cons tan t  to one ,

N
~~ ‘ 2  2 2
L.a [in (dy, dx)  + CT ]
1=1 ii i to

— — 1 ( 4 . 1 3 )
N

~~ 2
in (d y , dx)

- i—i iii

then

2
in (dy , dx)
k

a (dy,dx) = ____________________

kk 2 2
m ( dy , dx )  + 0-
k n

2
‘1 (d y, dx)
k

— (4.14)
2

1 + 1(d y, dx)
k

Tak i ng the second der ivat ive  of (4 .10)

I
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2 . 2 2  2
2a m (m + 0~)N 1 k k k k in

N ~~~~~2 2 2
kk 2 2 2 2 a (m + CT)

L. a ( m  + 0 )  i~ 1I i  I n
i—l ul l in p

N 2 N
2 2 ç-’ 2 2 2 2 2

(in + C T )  L. a in 3a (ni + C T )  La  ~k n 1=1 Ii i kk k in 1=1 Ii I
5-— +

N N

~I 
2 2 2 ~~‘ 2  2 2

a (m + t i )  La (in + ~7 )
i—I ii I n 1=1 ii i in

(4 .15)

subs t l t u t i ng

N
~~~ 2 2 2

a (n + C T)

1=1 ii I n

N

~~~~~~~

2
a m

i—i ii I

and

2
in
k

a
kk 2 2

k in

• from (4.13) and (4.14) yieids
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2 , 2 2 2
m + C7 a in

N k in k k k
_ _ _ _  __________ - — 1 < 0

2 1 N (4.16)
ci a N — 2

kk ~~~~~2 2 2 2 L a m
L.a (in + 0 )  • i= 1 i i i
i—i  :l~i I n

Thus ( 4 .14 )  maximiz es

For any prac tical app lication of the weights der ivee here ,

their dependence on (d y , dx )  mus t  be removed.  For any t r i a l

registration attempted , the actual translation relative to correct

registration Is unknown , and thus , t i e  appropriate set of weigh ts Is

unknown. Several approaches are possible.

If t h e  sensor response time is long compared to 7 , the
x

reciprocal of the sampling rate , then It seems reasonabje to assume

2 2
tha t  in (0 , k)  wil l  be c o n s i s t e n t ly s m i l e r  than  in t 1, 0) f o r  small

values of k (F igure  8 shows evidence of t h i s  f a c t ) .  Under  t h i s

condi t ion it  migh t  be des i rab le  to use  t h e  weigh t s  assoc ia ted  w i t h

min imiz ing  the  p r o b a b i l i t y  of e r r o r  i n  a d i r e c t i o n  pa ra l l e l  to  t h e  scan

direction .

If t he  sensor reso lu t ion  is the  s ame in both  t h e  h o r i z o n t a l  and

vertical directions i t  is possible  to a rgue  t h a t  t h e  d i r e c t i o n  of t h e

gradient vector is uniformly distributed on [0,2W). Assume t h a t

I
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m (dy, dx) - VIc(0 ,0,k).I~~~~~~~~~~~~~x (4.17)

then

2 2 2
r IV tc (0 ,0,k)  cos

a (r ,~f~) — (4. 18)
kk 2 2 2 2

~~~ 
+ r c7Ic(0,0 ,k ) J  cos

where

2 2
r—  dy +dx (4.19)

and is the angle fr oin 1 to the gradient vector. Now we take the

expected value of a (r ,~~-’) over the interval [0 ,217 )
kk

21r

1 r I~~Ic(0 ,0,k)J cos ’f’
E~Ja (r,’f’)J — a (r) — — d ‘f’

- - 

kk 

2 

+ r~~~VIc(0 ,0,k ) J  cos t

r IVIc (0 ,0 ,k) I

(4.20)

I
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If  a probab ilit y distribution for r was known , then the

expected v3lue of a could be found . In the absence of a model for r ,
kk

we note t h a t  t he  most  l ikel y errors  are  thos e associa ted w i t h  small

values of r (zero or one if the tracker is working well) so that it

wou ld seem prudent to select a to avoid t h e  m s t  l ikely e r ro r s . W i t h
kk

r =  1

1
a = 1 —  

_ _ _ _ _ _ _ _ _ _ _ _

kk 2 ’

I VIc (0,0,k)I (4 .21)

The b e n e f i t s  of us ing  n o n u n i f o r m  wei gh t s  when c omp u t i n g  t he

distance f u n c t i o n  depend On t he  p r e sence  of both r e l a t i v e ly good and

rela t ivel y bad po in t s  in t h e  i e f e rence  se t .  I f  a l l  of t h e  p ixe ls  in

the r e f e rence  set are of t h e  s ame “ q u a lit y ” , then  they w i l l  have t h e

same wei gh t s , wh ich is equivalent to having uniform weights.

Figure 15 and Figure 16 illustrate the improvement in the

normal ized  c ross—dis tance  f u n c t i o n  t h a t  is ob ta ined  by the  use of t h e

nonun i fo rm weigh t s  as s p e c i f i e d  b y ( 4 . 2 1 ) .

The r e f e r e n c e  set was t h e  32 by 32 block of a d j a c e n t  p ixe l s

with upper  righ t  corner  located a t  row 43 and colu mn 43 of the

reference  image shown i n  F i g u r e  63. F i g u r e  15 and Figure 16 are

normal ized  so t h a t  t he  d i s t a n c e  f u n c t I o n  va lue  corresponding to correct

regi s t r a t i o n  is 1.00 .

I t  is of q u e s t i o nab le  va lue  to  u t i l i z e  both  n o n u n i f o r m  we igh t s

I
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6

0
z

dx (d y O)

8
}1EFERENCE SET:

32x32 BI~OCK

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

dy (dx O)

Figure 15. Normalized ( ro- ,~;-1)~ s~ ance Fun t ion Using Unit orm Welgh s
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and an adaptive reference set selection process since the reference set

selection process will presumably incorporate into the reference set

only those p ixels which would be heavily weighted a nyway . Another

caveat that mus t be placed on the use of nonuniform weights is that  the

assumptions which were made to eliminate the dependence of the we ights

on the translation may not be appropriate for  all aensors and classes

of imagery , and may , in fact , be invalidated by an adaptive reference—

select ion algorithm.

4.2 Nonlinear Peak Elimination Filter

In addition to frequency—response—shaping f ilte rs employed

ah ead of the s ampling and digi t izat ion steps of the tracker , the

opportunity exists to f i l ter  the sensor output in the discrete domain

prior to performing the similarity detection operation . The fol].o~dng

adhoc nonlinear f i l t e r  is an example of an easily mechanized algorithm

which shows a potential for  reducing the random noise component in

sampled ima ge ry .

The algorithm tc be used is as follows :

1 ) Examine each pixe l in an image sequentially by
r ows s tar t ing wi th the upper l e f t  corner.

2) If the p ixel under examination does not have a
neighbor above , below , on the lef t  and on the r igh t , go
on to the next pixel (i.e. if it lies on an edge , don ’t
process i t) .

3) If the pixel under examination has a value
greater than the maximum value of its four  nearest
neighbors , rep lace it  with the ma ximum of the four
neighbors .

4) If the p ixe l under examination has a value
smaller than the minimum va lue of its four  nearest
neighbors, rep lace it with the minimum of the four
nearest neighbors .
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In order to understand the motivation behind this operation ,

just look around and try to find a spot that is at the same t ime either

brighter (an intensity peak) or darker (an intensity pit) than its

neighbors and so small that it does not have a detectable shape. This

spot , if you can find one, is the visual analog of a single resolution

element in a digitized image which satisfies the requirement of being

detectably brighter or darker than its surroundings. The general

difficulty of finding such points leads to the following questions :

1) How often do single p ixel peaks and pits occur
in an image made from pure noise?

2) Is there any benefit to removing single p ixel
peaks and pi ts  from images wh ich contain both signals
and noise , and if so , how big is the benefit , and how
can it be characterized ?

To answer these questions , we will f i r s t  show that  for

independent , identically dist ribut ed random variables arranged and

labeled as in Figur e 17 , the probability that x is either the largest
1

or the smallest of the set of f ive is .4 , rega rdless of the form of the

probability dis tr ibut ion.

Let F be the cumulative distribution function associated with
x
i

x , let f be the corresponding probability density function , and
I x

i

• assume that all of the density functions are continuous. We wish to

establish the probability that x is a local extreme point , i.e.
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P(x > MAX {x , x , x , x ) o r x < MIN{x , x , x , x
1 2 3 4 5  1 2 3 4 5

P(x > MAX{x , x , x , x ) J
1 2 3 4 5

+ P[x < MIN (x , x , x , x )] (4 .22)
1 2 3 4 5

Let y — HA X{x ,x ) , then (26]
2 3

F (y ) — F (y ) F (y ) (4 .23)
y 1 x 1 x 1

1 2 3

similarly, let y M~X {x ,x } , then
2 4 5

F ( y ) F ( y ) F  ( y )  (4 .24 )
y 2  x 2 x 2

2 4 5

Since

P f x  > M P ~X{x , x , x , x )J P [x  > M A X ( y , y  )]
1 2 3 4 5  1 1 2

(4.25 )

we let y MAX fy , y ) , then
3 1 2
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F ( y ) — F  ~y ) F  ( y )
y 3 y 3 y 3

3 1 2

F ( y ) F  ( y ) F  ( y ) F  ( y )
x 3 x 3 x 3 x 3

2 3 4 5

4
— (F (y )] (4 .26)

x 3
1

and

P (x > M&X{x , x , x , x  )] P (x  > y J
1 2 3 4 5  1 3

— f F ( ? ~. ) d )
J x y

-
~~~~ 1 3

r
— j  (F ~~ )3 P ~~~) d ? %
.
~J x  x

-~~~ 1 1

1
— — (4 .27 )

5

Through a similar , thou gh more tedious , argument with

z — MIN(x , x ) (4 .28)
1 2 3

90

______ - 
‘

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

— — 

, .



r~ ~~~~~~~~::: ~~~~~— —-——-——~~~~~~~~~~~~~~~~~~~~

F (z ) — F (z ) + F (a ) — F (a ) F (a )
a 1 x 1 x 1 x l  x I

1 2 3 2 3 I .

2
— 2 F (a ) — [F (a )] (4.29 )

x 1 x 1
1 1

z — MIN {x , x ) (4 .30)2 4 5

F ( z ) - F  ( z ) + F  ( z ) - p  ( z ) F  ( z )
a 2 x 2 x 2 x 2 x 2

2 4 5 • 4  5

2
— 2 F (a ) — (F (z )] (4.31 )x 2 x 2

1 1

a MIN {z , z ) (4.32)
3 1 2
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F — F  ( z ) + F  ( z ) — F  ( z ) F  ( z )
a a 3 a 3 a 3 a 3

3 1 2 1 2

2
2 2

— 4 F ( a )  — 2  (F (z )] — 2 F (z ) — [F (z )]
x 3 x 3 x 3 x 3

1 1 1 1

4 3 2
— — F (a ) + 4 F  (a ) - 6 F  (z ) + 4 F  (z )

x 3 , x 3 x 3 x 3
1 1 1 1

(4.33)

we f ind that

P (x < NIN (x , x , x , x )] P ( x  < a
1 2 3 4 5  1 3

r 4  3
— i + j (F ~~) s ) — 4 F  ( 7% )

J x
-w 1 1

2
+ 6 F  (~~

) — 4p ( ‘
~~~) J F  ( ? )  d 7 ~4 

X X X

1 1 i

1—— (4 .34 )
5

thus

4 
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2
x is an extreme point ] — —  (4.35 )

1 5

independent of the distribution of the x
i

How does this 40% figure for a pure noise image compare with

natural imagery a f t e r  it has been sensed , sampled , and digitized?

Figure 56, Figure 57, and Figure 58 show samples f rom the image

sequences CARS, TREES, and AIRPL ANE .

Table III lists the percentage of pixels In each of four

images that are local extreme, and Table IV il lust rates the chan ge in

th e percentage of local extreme points as noise of increasing variance

is added to frame 1 from image sequence AIRPLANE. As the noise

variance is increased , the f ract ion of pixels that are local peaks or

pits approaches the limit of .4 predicted by theory.

Figure 18 illustrates the noise distribution before and after

application of the f i l t e r  for an image containing pure random noise .

Based on these results , the non—linear peak elimination filter

shows considerable promise for reducing the noise component of imagery

in reg ions o f low cont rast (regions with a high degree o f local

randomness) while leaving relatively unchanged the signal component

(pe rsistent local intensi ty gradients ) of the same imagery. The

* 
performance improvemen t of a tracking system using the peak elimination

prefil ter  will be documented in Chapter 6.I t .
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Table III. Extreme point statistics for real data images
‘I

_____________________________ _______________________________

Image % of total pIxels that are
peaks or pits

Frame 1 of CARS 15.5

frame 1 of TREES 20.7

Frame 1 of AIRPLANE 24.0

Pure noise 39.4

Table IV. Effects of additive noise on extreme point statistics

—

variance of additive noise Z of total pixels that are
peaks or pits

0.00 (original image) . 24.0

.04 26.6

.25 30.2

1.00 34.4

4.00 36.6

16.00 38.9

25.00 38.8

100.00 39.5
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FOR A PURE NOISE IMAGE
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,,—J
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..•1 0

INTENSIT Y

• 400 
DISTRTBUT ION OF PIXEL
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~ 200

~1OO

—2 — 1 0 1 2

INTF.NSITY

Figure 18. Noise Distribution Be~orc~ and A l t e r  Smoothing
w i t h  the Non-Linear Peak Eflminatton Filter
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4 .3  Adaptive Refe rence Set Selection . 
-

In Section 3.12 we saw that it is advantage ous (with respect to

2
minimizing the probability of error) to maximize in (dy,dx) for any

N,AVE

particular N. In this section , we will develop a technique for

2
adaptively selecting the reference set wh ich maximizes in

N,AVE

Consider an arbitrary p ixe l Ic(O ,O,k) in the comparison set.

The facet model assurns that the gradient is approximately constant in

a region surrounding any point . The contribution of ~~Ic(O ,O ,k) to

2
m (dy,dx) is

N ,AVE

2 A 
2

in (dy, dx) [VIc(O ,O,k)•(dy 1 + dx 1
k y x

2 2  2
— ~~Ic(0 , 0 ,1z) r cos If1 (4.36)

where 
~
f1 is the angle between (dy l + dx l ) and VIc(0,0,k), and

y x

2 2 2 2
r = dy +dx • We see that m (dy,dx) is proportional to the gradient

k

2
magnitude at Ic(0 ,O ,k ) .  To maxi mize in , select the N p ixels in the

N ,AVE

reference i~-~age which have the largest gradient magnitudes. This

selection can be performed in three stops:

1) Calculate the gradient ma gnitude for each pixe l
in the reference image and form a histogram of gradient

• magnitudes.

4 96
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2) Star t ing with the largest gradient magnitude
• and wor k ing  down , f i n d  the ]a rgest threshold value such

that  t he re  a re at .  least N pixels with gradie nt
magni tudes  greater than or equal to the threshold .

3) Find N pixels in the  reference image which have
a gradient magnitude greater  than  or equal to the
threshold .

A hazard  exists with this app roach to selecting the reference set . If

the resolution of the sensor in the scan direction is substant ial ly

• 

. 
less than the resolution perpendicular to the scan direction , it is

possible for this algorith m to select N pixels with all gradient

vectors perpendicular to the scan direction . The result is a very

2
small value for n (0,dx) and an increased probability of errors

N, AVE

parallel to the scan direction . The indication is that the angular

resolution of the sensor after digitization should be app roxiriately the

same in each axis . This problem r an be lessened sonewha t by wei gh t ing

the gradient component parallel to the scan direction more heavily than

the compone nt perpendicular  to the scan direction when comput ing the

gradient magnitude , or by using only the component paral lel  to the scan

direction to form the histogram. For the three data sequences used for

evaluation of tracking algori~hms , neither of these strategies was

required .

Since the gradient magnitudes are used in decreasing order to

assemble the reference set , the possibility exists that the probabili ty

of error is not a monotone decreasing func tion of N. What conditions

would have to exist in order for this to occur , and what precautions

should be ta ken to preven t I t ?

If P~ is not a monotonic decreasing function of N, then there

exis ts  some k such that
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P~ (d y, dx I N k+1) > P~, 
[dy, dx I N k J  (4.37 )

2
For example, suppose that r = .160 when the 50 pixels with

50,AVE

largest gradient magnitude are included in the reference set, and in

addition , suppose that the next 200 pixels in the gradient magnitude

histogram had signal—to—noise ratios of .07. From (3.57) the maximum

2 *
probability of error for N 50 and ‘( .160 is 1 — erf [.52523).

N,AVE

If the next pixel to be incorporated into the reference set has

2
— .07, then

51

2 .160 x 50 + .07
= .158

51 ,AVE 51

2
and the maximum probability of error for N = 51 and f .158 is

N,AVE

*
1 — erf [.52500] . This increase in the probability of e rr or indicates

2
that the pixel with 1 — .07 should not be incorporated into the

2
reference set .  However , if all 200 p ixels with ‘( — .07 are included

in the r efe rence set , t h en

2 .160 x 50 + .07 x 200
‘1 — — .088
250,AVE 250
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*
and the probability of error is 1 — erf [.66697). From this we see

that there arc cases where the inclusion of additional pixels in the

reference set does not automat ically decrease the probabil i ty  of error .

2 2
We will next establish a lower b ound for  f as a f unction of ‘f

N+ 1 N ,AVE

2
and N such that  P(~ will always decrease so long as ‘f is greater

N+1

than the bound .

Let

2
UI

2 i
= (4.38)

i 2

I

(4.39)
N ,AVE N i= 1 i

N ,AVE
— 

, (4.40 )
N / 2

• 2/ 1 + (
N ,AVE

where we drop the specification of (dy , dx) to s imp l i f y  the notation.

Recall that ~ is the argument of erf*(.) which establishes the upper
N

0
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bound on the probability of error. From (3 .57) we see that  increasing

decreases the upper bound on the probabil i ty of error
N

~ 4 P tdy, dx I N k ]  > P [dy, dx I N K+1J
N N+1

(4.41)

I
2 _ •

We are looking for  a lower bound on f which will cause ~~~ . to be
11+1 N+ 1

greater than 
~~N

N,AVE N ,AVE
______________________ • 

______________ 
(4.42)

2 / 1 +  1’ 2/ 1 + 1
I N,AVE

2 2
substitut ing (4.39 ) for  

~~~ 
and ‘

~

“ and collecting terms i~
N ,AVE N+1 ,AVE

powers of T
N+1

4 2 2 2 2
f [ 1 +  )‘] +  f 141( 1
14+1 N 14+1 N,AVE

2 2 2
+ 2 1  J — N ( 1  ) > 0  (4 .43)

N ,AVE N ,AVE

2
and sol’iing for the lower bound on

14+1
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- 
,uI

~~~

1

2 (2 \2 2

• 2 N,AVE 
~ 

N,AVE N,AVE
1 >  I + l j +

14 4-1 2 1 2 1 N
1 + 1

_ 
I /

N,AVE J
2

• I
N,AVE

— +1 (4.44)
2

2
For N greater than 10, this lower bound for ‘

~~ is relativel y
N+1

insensitive to N. Figure 19 shows the behavior of the ratio of the

2 2
lower bound for ‘f to for N > 10. At each step,  the signal—

N+1 N,AVE

to—noise ratio for the next p ixel divided by the current average

signal—to—noise ratio must lie above the curve to assure that the upper

bound on probability of error is a monotonic decreasing function of N.

There s eems tc be onl y One realistic situation where it is

likely that the upper bound on probability of error is not a monotonic

decreasing function of N. This caso will occur when the referenc~

image contains a small nuther of very high contrast p ixels on a low

• contrast background. The histogram of gradient magnitudes will contain

a few points in the high value bins wi th a large span of vacant bins

separating these from the remainder of the image. This case did not

• arise in any of the 1~ma ge ry used fo~ the evaluation of this reference

set selection algorithm.
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There is an additional restriction on the inclusion of a

particular pixel in the reference set. For integer—valued imagery , a

pixel should be considered for inclusion in the reference set only if

the gradient magnitude in the region surrounding the pixel in question

is sufficiently large to ensure that there will De a contribution to

the distance function for some trial registration.

To see this, consider a one—dimensional example. Figure 20

• illustrates a hypothetical one—dimensional intensity profile for a

digitized image.

The pixel labeled X can be shifted right or left by as much as

four pixels without contributing anything to the distance tnnction . If

• the search region is plus and minus two pixels, the inclusion of X in

the reference set contributes nothing to discovering any

iid.sregistration between the reference image and the data imagc, even if

the actual misregistration is the maximum allowable value (two pixels).

The local average derivative in the region surrounding X mus t be

1
greater than to contribute to the distance function at any

4R + 1
MItX

allowable misregistration , and a more practical limit would require a

local average derivative sufficiently large to produce a distance

function contribution at the edge of the seardi region even when the

data image and the reference image are perfectly registered . For this

reason , we place the following constraint on the pixels to be included

in the reference set:

H 103
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1
IVIr(i,j)J > (4.45~• R

MAX

• 
where

R /dy + dx (4 .46 )
MAx / ~~x

por Ir(i,j) less than this l imi t , and a perfectly registered data

image there is no trial registration in a noise—free image which has

any error signal attributable to the inclusion of (i,j) in L.

There are two types of regions which will exhibit the desired

characteristic:

1) Local extreme points (either peaks or pits)
will exhibit a change i~ intensity in every di rection.

2)  Points which lie on edges will show a change in
intensity in directions perpendicular to the edge.

Since any significant peak or pi t will be surrounded by an

edge, the approach to be taken will be to estimate the gradien t

• magnitude at each point in the image and use the N points wi th the

largest gradient magnitude va lues for  the reference set.

In the rema inder of this chapter we will develop a gradient

• magnitude est imation technique for  selecting the reference set and

2
demonstrate the potential f o r  increasing f by adaptive reference

N ,AVE

set selection.

0
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4.3.1 Gradient Magnitude Est imation

The approach to estimating the gradient magnitude at a point in the

reference image will be to estimate the horizontal and vertical

components separately and combine them according to

2 A l 2 I A l 2
VIr  — I V I r l I + JVIr~ 1 (4.47)

x y

The error to avoid is that of incorrectly estimating that

I
IVIr ( i , j ) l  > (4.48)

and hence making I r ( i,j) a candidate for inclusion in the comparison

set when it will only contribute to the noise and never contribute to

the signal.

A rectangular search area will be assumed , with

2 2 2
R — R  +R (4.49)

x y

where

R — dx (4 .50)
x x MAX

R 7/ dy (4.51)
y y MAX

0
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and and are the scale factors wh ich convert pixel spacing in x
x y

and y to horizontal  and ver t ical  angu lar displacements.

The following assumptions are made about the characteristics of

the image:

1) The distance over which a gradient component
persists is roughly proportional to the inverse of its
magnitude (i.e. low gradients persist for longer
distances than do h igher gradients). If this was not
true , then a his togram of gradient magni tudes  would
cluster away from the origin. As we shall see, this is
not the case.

2)  The occurrence of single p ixel extreme points
that are not due to noise phenomena is relatively rare
in a randomly selected image. Table 3 indicates that
this is re8sonable .

3) The covariance of the noise in the image can be
modeled as a zero—mean , first—order Markov process in
each axis (see Section 3.8).

In order to bound the rate at which low gradient points are

erroneously determined to have sufficient signal strength to be

included in the reference set , a restr ict ion is placed on the allowable

performance of the estimator. For each component of the gradient , the

following criterion must be met :

4 

1

~ VIr l  — —

i R
1 (4 .52 )
—) constant — C

VIr • 1
I

A A
where V1r 1 is the estimated gradient  coe.ponent In  the I direction ,

i i
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R is the sea rch radius tn the 1 direction , and ° A A 
is th e

i I VIr•1
I

A
standard deviation of the es t imate  of V1r 1 • This restriction on the

I

est imator  will ensure that there are at least C standard deviations

between the estimate of the gradient component magnitude and the h R
i

poi nt (see Figure 21).  The e f f e c t  is to build an estimator which has a

variable confidence interva l, but operates with a t ixed maximum

probability of err~~ .

With this approach to estimating the gradient magnitude

components, the probability of erroneously including a point in the

refer ence set can be appr oximat ed as

* 2
PLERRONEOUS INcLUSION) [ erf ( — C ) ]  (4 .53)

where we as sume that err ors i~ the x—component and y— componen t

estimates are independent .

This probability can be made a rb i t rar i ly  smell by increasing C

at the cos t of reducing the numbe r of pixel locations that a r e

candidates for  inclusion in L.

In estimating the gradient components, each component is

modeled as a constant in the region used to form the estimate. For the

purpose of developing the necessary equations, only the x—component

will  be dealt wi th .  The y—component differs only in the correlation

time used in the Markov model for  the noise. Let
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Figure 21. Desired Cn~ ractc r Ist ics oI Q Gradient
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Ir(i,j+n) — Ir ( 1 ,j — n )  (4.54 )

1
~Jith the approximation that

Ir(i,j+n) Ir(i,j) + n
~

7 ? V U , i ) . 1  ( 4 . 5 5)

Sx (i,j )  become s
k

K

~~~2n?/ VIr(i~J).1

N

2VIr(i,j) 1 ~ ~I n
x x i=1

— K (I(+l )~77 VI r ( i , j) 1 (4.56 )
tx x

A
From 4.58 we iefine the estimate for ~7Ir(1,j).l using 2k adjacent

x

pixels to  be

Sx (I,j )
A A 

K (4 .57 )
VI r ( i , j ) 1

x K(K+ 1) ’))

The required constraint reduces to
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• A A C 1
VIr(i,j) 1 

~ - — 0  
A (4.58)

x V I r .l  R
x x x

A A
or after substituting (4.57) for VIr(i,j).1

• x

Sx (i ,j )  • ~ K (K-i-1 ) C £T~ + (4.59)
K ‘~‘Ir ’1 R

x x

Determination of the variance of the estimate requires a

kn owledge of the covar iance of the noise associated with the 2k

adjacent pixels used in fo rming the  est imate.  Let zx (i,j) be the
K

• vector made up of the set of 2k+1 pixe ls used to fo rm the estimate ,

then

T
(zx (i, j ))  = (Ir(i ,j—K), Ir(i,j—K+1),. ..,Ir(i,j+K)] (4.60 )

K

and

E 
[(zx

i~i)_E [zx i~J)) (zx (i ,J)-E[zx (i,j)3) T]4 Px (j,j)

(4.61)

Since the noise is modeled as a t irst—order Markov process with

• zero mean, the elements of the covariance matrix are

[
~ ~~~

• 
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2
Px (i , j )  Q exp(  —Ji ‘7? l i — i l ) (/4 .62

K n x tx

2
where ~T is the variance of the error  in  Ir , and 

/Ux
#7?

x 
is the

correlation time for the noise. Let 
~
) be a 2k+l element constant

K

vector

—h for 1 < i < K

&) (1) — 0 for i - K (4.63)
K

1 for K < i < 2 K

Sx (i , j )  can now be expressed in a more compact notation
K

T
Sx (i,j )  (,) zx (i , j)  (4 .64)

K K K

An expression for the variance of the estimate is now obtained in a

straightforward manner

•
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1 2A A• var (VIr(i,j).I 3 — E ( S x  (i , j)  3
x 2 2 K

K (K+1 )

• 1 - T T
— —E ((.U zx (i,j) zx (i,j )  (~)2 2 K K K K

K (K+l )

1 T
— 

~~~~~~~~~~~~~
j  Px (4) (4.65)

2 2 K  K K
k (K+1 )

The estimator now takes the form

T
(4) sx (i , j)

A A IC K
VIrU,j).1 — —--—- — (4.66)

x ,
K (K +1)?

x

subject to the constraint that K’ is the sma llest K such tha t

1
K(K+1) r

T x I T  1 2
zx (i , j)  ~~~~

— 
+ c J ( ~

) Px (4) (4.67 )
IC K R L I C  K KJ

x

The gradient magnitude components are individually estimated and then

combined to form an estimate of the overall gradient magnitude.
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1
2 2

A rA A l  IA A 1 2
VI r (i , j)  — VIr(I,j).1 + IVIr (i,j)’I (4.68)

L xJ L yJ

If the noise in the reference image is uncorrelated , then Px
K

2
is diagonal with all nonzero entries equal to 0 , the global

n

reference—image error variance. This results in simplification of

(4.ó5) to 
-

2
20

1 T n
(J Px (

~) — (4.69)
2 2 K  K K 2

K (IC+1) K (K+1 )

There is an upper l imit on K which is determined by the minimum

distance between the pixel at which the gradient magnitude is being

estimated and the nearest image boundary. A smaller upper limit may be

desirable in practice due to considerations of computation time or

hardware complexity . In either ca°e , if the upper limit of K is

reached without satisfying the constraint , the gradient magnitude

• component can simply be estimated to be zero. This precludes the

possibility of an increasing classification error rate near the

boundary of the image . Figure 22 shows the minimum detectable

A
gradient—magnitude component as a tunction of VIr.1 and C O~I n,REF

We now have a gradient magnitude estimation algorithm with the
0
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desired character is t ics. In the next section we will investigate the

performance of this estimator , the distribution of gradient magnitudes

2
in some actual  ima ges, and the improve ment in ~ that  can be

N ,AVE

obtained by using the gradient magnitude histogram to select a

reference set.

4.3 .2 Expe r imental Reference Selection Using Gradient

Magnitudes

Figure 23 through Figure 25 shows the distribution of detected

gradient magnitudes for the three different images with selected values

of C and estimated values of 0 •

n

Figure 26 through Figure 31 display the gradient magnitudes as

detected .

In these images, large detected values of gradient magnitude show up as

bright p ixels. From this it is clear that in all three images there

are a few p ixels with very high gradient magnitudes and a large

majority with relatively small values. The result is that the value of

2
m (dy,dx) decreases rapidly as N increases. Figure 32, Figure 33,

N ,AVE

and Figure 34 locate the pixels incorporated into the  reference set for

N — 128 .

Figure 35 shows the auto—distance function for a 32 by 32 block

of adjacent p ixels from the reference Image shown in Figure 63.

The upper righ t corner of the reference set was located at row

43 , coluam 43. When the gradient ma gnitude detection algorithm was

0 used to select the reference set, a ve ry s ignif ican t increase in
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average si gnal strength was realized . FIgure 36 iliuz:trates the

improvement that was realized when the 1024 pixels with maximum

gradient magnitudes were used to form the reference set.

When N was reduced f r o m  1024 to 128 , a f u r t h e r  increase in average

signal strength was realized (see Figure 37).

In any tracking system which uses a s ingl e pr ocessing element

2
to perform all of the computations associated with evaluating d (. ,.),

there w i l l  be a t rade—of f to be made between the  number of t r ial

registrations that can be attemp ted and the number  of pi,~e 1s to be

carried in the comparison set. If the interframe time and the targct

dynamics relative to the sensor optical axis are known , a maximum
sea rch area size can be determined . Search al-ca size, in combination

with pixe l spacing and processor speed , leads directly to an upper

bound on values for N. At this point , specification of a maximum

allowable probability of error will determine the minimum acceptable

signal—to—noise r a t io .  If t h e  combination of scene and sensor cannot

provide the required signal—to—noise ratio , a faster processor or a

smaller search area is indicated .

4 .4  Summary

In Chapter  4 we have assumed that the reference Image was

given, and dealt wi th three techni ques to increase the e f f ec t i ve

tracking signal—to—noise ratio: firs t , by using non—uniform weights for

the norm ; second , by reducing the random noise component of raw data

imagery in regions of low contrast ; and , thi rd , by selecting the

reference set in a way which increases its average signal strength. In

the next chapter we will consider how to get a good reference Image .

f i  
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chapter 5

REFERENCE IMAGE ESTII.!ATION

In this chapter , we deve]op an adaptive Kalman filter to

perform the reference—image--update task, prove that it is stable , and

demonst ra te  the performance of the  f i l t e r .

In Section 3.10 we investigated the sensitivity of the

probability of error to both the signal and noise component s of the

image. While the m (dy,dx) are a function of the  sensor and the scene,
1~

the noise is a function of the sensor and the processing ~.h at is

performed on the received images. If the signal—’-o—noisc ratio at the

input to the similarity detection process is maxthized, then the

performance of the system , as measured by the probability of error , is

2
dependent on the reference—ima ge—up date process to minimize 0

n,REF

There are also benefits to the reference—set selection proc-ens when

2
is reduced since the gradient estimator performance is also

n,REF

dependent on this noise variable.

5.1 Adaptive Kalina n Filter

The classic formulation of the Kalman f ilter assumes a complete

a pr iori kn ow ledge of the process and the measurement noise statistics.

In most practical applications these statistics are inexactl y known .

The use of incorrect a pr ior i  s ta t is t ics  can result  in a Kalma n f i l t er

0
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which ha~ la rge c~:t inut ion  errors or which may even be dive rgent. The

purpose of an adaptive filter is to reduce these errors by modif ying

the filter to adapt it to the  real data .

At this point we digress for a moment to review the general

Kalman filtering problem , we will then establish the the equivalence

between the conventional Kalman filter notation and its Specific

application to the sequential image tracking problem and develop the

estimation procedure to be used to obtain the process and m2asurement

noise statistics. For a more detailed review of Kalman filter theory

tee Geib [12]. The particular approach to be followed in develop ing

the adaptive filter largely follows Mebra [25). Let

x —~~~1x + u  (5.1)
i+1 i i

z ‘~ H x  +v (5.2)
i i i

where x is the state vector , ~f~is the state transition matrix , u is
i I

the process noise vector which induces changes in x , z is the
I i

measurement vector , 11 is the measurement matrix , and v Is the
i

measurement noise vector. Both u and v are assumed to be zero—mean ,
i I

uncorrelated Gaussian sequences with

E t u  I (5.3)
i

0
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• T C
ECu u ] ~ d (5 .4 )

i j  Ij

E [v ) 0 (5.5)
I

T
E[v v ] R (5.6)

I j ij

where c~ is the Kronecke r delta function and Q and R a re  b oun ded
ii

posi [ye definite matrices. Let be an estimate of x based on the
i/ i I

observation set Z whe re
j

Z (z  , z , .. . , z } (5.7)
j 1 2  j

Let P be the covariance of the estimation error based on Z• I/i

I
P E [x —

~~~ I [x —
~~~ 1 ( 5- 8)

i/i I 1~/j i i/i

~~en Q and R are known , the minimum variance linear estimator is given

by the Kalma ri filter of the form

A
x — W x  (5 .9)
1+1/i i/i
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= + K [z — H ) (5.10)
i/i i/i—i I. I I/i—i

T I -1
K ~~P H (HP H +R) (5.11)
i i/i—i i/I—i

P = (I — K H) P (5.12)
i/i I i/I—i

I
P =~~~P ~~ 

(5.13)
1+1/i i/i

where K is the Kalman gain , arid ~.)  ~ z —lix is called the Innovation
I I i  i

sequence. For the sequential image estimation problem both Q and R

will be est imated f rom measurements made during the reference image

update process.

The following equivalences establish the relationships between

the n o t a t i o n  of convent ional  Kal ma n filter theory and the particular

variables of the ima ge t ra ck ing  probl em as used In the preceding

chapters . We let

x — Is, the underlying image (5.14)

— I r , the r e f e r e nc e  image (5.15)

0
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z = Id , t he  data image (5.16)

H = I , the  i d e n t i Ly  mat rix ( 5 . 17)

2
R I , the laeasurement noise covariance matrix

DATA

(5.18)

2
Q = q I , the process noise covariance matrix

(5.19)

2
P Ø- I , the estimation error covarjar-zce r r .at r ix
i/i—i n,REF

(5.20)

• where all of the identity matrices are of dimension M M (the number of
R C

pixels in the reference image). We employ a c o va r i a nce— m a t c h in g

2 2
technique to determine appropriate values for c3 and q . Note

n,’)ATA

tha t  while the underlying image is strictly positive (or zero), the

state model allows for nega t ive state vector components. To the extent

that this does not represent the true situation with real images , the

f i l te r  may produce st ibopt im a l r e s u l t s .  The expected va lue of the

innova t ion  sequence is [25]
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’ I = E l  (z — H x ) (z  — H x ) I
i I i i/i—i I i/I—i

i/I—’

2 2
= ( O~ + 0 ) i (5.21)

n,REF n ,DATA

Any de tec t ed  deviation above t h i s  value is taken as an indication t h at

the f i l t e r  is not  o p t im a l  (in t h e  sense of m inimum v ar i an c e )  and t h a t

2 2
q and 0 shou ld be a d j u s t e d  to b r i n .~ t h e  f i l t e r  back toward

n,DATA

optima l performance. The reference image up date fiiter will maintain

2 2
estimates of both (1 and m and use  the difference image

n ,DATA n ,REF

associated with 111e minimum distance registration as the innovation

sequence.

Since the difference image Contains a large number of pixels ,

the sample statistics for the difference image s h o u l d  closely

approximate the true underlying statistics , i.e. the bias and variance

of the sample statistics will be small. The sample rtatistic that will

be used In tho estimation of Q and R is the difference Image samp le

varia-~cc v
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2

1 2 
D ( ~~ ,~~~,k , j )

V = —~~~~ ~~ D (d y, dx ,k , j )  — _____________________

i M T~~~3 I M
D D

(5.22)

where M is the number of p ixels in the difference image associated
I)

with the minimum distance .

M = [MIN{ l4 , 
R 

— MAX{ 1 , d y)] x

[M IN (M~~ M —dx } — MAX ( 1 , dx)] (5.23)

The mean and variance of v are
I

2 2
E[v I = Q ( i—i ) + 0 (

~~— 1) ( 5 .24 )
I n ,REF n ,DATA

and

2 2
2 [ f7 ( i — i ) + 0 (i—i ) I

n ,R E F  n ,DATA
var [v ] -——— —— — (5.25 )

i M - 1
D

Whil e v is a biased estimate (N should be smaller by one to be
i D
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unbiased), 5.21 is preferred ove r t i t e  unbiased estimate since it gives

2
less Iuean—rquare error [15) - We will use v — (I—I) as a measure

I n ,REF

of change in , and define a t ime constant ~3 (0 < < 1) for
n ,DATA

2
changes in

n ,DATA

2 2 2
& (i) = 

~~~~~& (1—1 ) + (1— ç3) [v — & ( 1 — 1 ) )
n,DATA n,DATA I n,REF

(5.26)

2
The basis for this restriction on the rate of change of 0 is the

n , DATA

assumpt ion t ha t  sensor no i se  v a r ian c e  I s  a f u n c t i o n  of p a r ~~I 9 e t - r~
; ~711 i c ’1

change relative ly slowly compared to the sensor frame rate , in a

vid icon sensor , it could be the faceplate t emperature or target

voltage . In other sensor t y p e s , other no i se  sources  respon d to  t h e

environment with finite time response . The remainder of the difference

2 2
between v and the filter estimates of 0 and ~ , denoted

I n,DATA n ,REF

T , is attributed to change in the underl ying image Is and is assigned
2

2 2
to q to increase the filter estimate of 0 prior to the

i n,REF

ca lcula t ion of the  next Kalm a n gain.

0
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2 2
T = v — (i— i ) — (1—1) (5.27)
2 1 n ,REF n,DATA

Since Q and R must be positive definite matrices , a precautionary

2 2
restriction is p laced on q and on & (see (5.33))

I n ,DATA

2
q = MAX ( 0, 1 ) (5.28 )
i 2

To initialize the filter , we take the first data image as the

first reference image since there is no better information available

2 2
about Is, and for & , we use & , an a priori guess at the

n ,REF n ,DATA

variance of the noise component of Id.

The full set of adaptive filter equations is sunniarized as

follows in terms of the variables unique to this problem:

Initialization

2 2
0 (1) = (1) (5.29)

n ,REF n ,DATA

0

141

_________ _____________ _________ _______ -

.- -
~~~~ 

• -

~~~~

- -
- 

- C ’

- -



r 
—

- - ~~~~~~~~~~~~~~~~~~~~~~~~~~ -==-~

Update

2
a- (i—i )

- n,REF
K — (5.30)
i 2 2 -

fr (i—i ) + ô— (i—i )
n,REF n,DATA

It (k,j) — Ir (k—dy , j—dx) + K (Id (k , j)  (5.31)
I i—i I i—i

— It (k—dy , j—dx)J
i—i

PrcpLgation

1 2 ~~ 
D ( d y,dx,k,j) 

2

v — D (dy,dx,k,j) — (5.32)
M k j I 14

D D -

2 2
• T — 8’ (1— 1) + (1—~~ ) (v  — & (i—i)] (5.33)

1 u,D&TA i

0’ (1) — MAX( 0 , T ) (5.34)
n,DATA 1

2 2
T — v — ô (i—i ) — (1) (5.35)

2 1 n,REF n,DA~A
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2
q — MAX{ 0, T ) (5 - 36 )
1 2

2 2
(i-l)& (1)

2 n ,REF n,DATA 2
C’ (I) — + q (5.37)
n,REF 2 2 1

- 
0- (I-1) + a- (i)
n,REF n ,DATA

In the next section we will analyze the stability of this algorithm.

5.2 Filter Stability Analysis

- In the design of an adaptive Kalnan filter , because of the

ad hoc nature of the covariance matching process , the question of

stability mus t be addressed . In this section , we show that the filter

Is stable excep t during periods when the observed difference Image

2 2
variance indicates that the filter estimate of G + ~r is

• n,DATA n,REF

too low. During these periods the filter enters an unstable region of

operation , increasing (Y + 0- until the  sum Is once again in
n,DATA n,REF

agr eemant  with the observed data.

Eliminating q from (5.26) and (5.36) and letting
i
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2
(i-i )

+ n,REF
K — (5 .38 )
i 2 2
& (I—i ) + &— (i)
n,REF n ,DATA

2 2
we have recursive equations for & and ~~ with v as the only

n,DATA n ,REF

forcing function

2 2 2
& ( i )  a- (i~’l) + ( 1 — ~~ )v — ( 1—n ) & (i—I )
n,DATA n,DATA I n,REF

(5.39)

+ 2
( I)  [ 1—K I & (i- 1 ) + v (5.40)

n ,REF I n,REF I

2 2
- &  (1-1)-8 (I)

n,DA’IA

The constraints placed on the propagation equations define four

potential reg ions of operat ion f o r  the f i l t e r :

Region I

T < 0
1

T < 0
2

0
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Region II

T > 0
1

T < 0
2

Region II I

1 > 0
1

T > 0
2

Region IV

T < 0

T > 0
2

From (5.32) and (5.34 ) we see tha t

2 ~ 2
T ~ 0 ~~~ ‘ V > & (i—i ) — ~~r~

___~ (i—i) (5.41)• 1 i n ,REr i— f~ n,DATA

and

2 2
T > 0 =~- v > ~~ ( i— I )  + & (i—i ) (5.42)

2 1 n ,REF n ,DATA

hence It is clear that T > 0 is the more restrictive constraint , i.e.
2

0
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T > 0 ~~~’ 1 > 0
2 1

which precludes t he  possibility of ope~’ating in Regi on IV.

Incorporating the constraints associated wi th each region of operation

and wr i t ing  the result ing equations in m a t r i x  fo rm :

0
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Region I

2
T ~ 0 & (i) 0 (5.43)
1 n ,DATA

2
T ~ 0 ~~ q 0 (5.44)
2 i

theref ore

2
& ( i )  = 0 (5.45)
n,REF

and

s = 0  (5.’~6)I

where

• 2
& (1)
n,REF

s = (5 .47 )
1 2

8’ (1)
n,DATA

t

0
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Region II

2 2
T > 0 ~~ (I) (3 & (i—i)

I n ,DATA n , DATA

2
+ ( 1 — ( 3) I v  — & (i—i)) (5.48)

I n,REF

2
I ~ 0 4~ 

q 0 ( 5 .49 )
2 1

thc ref or e

2 + 2
& (I) r~ K & ( 1)

n ,REF i n ,DA’I’A

+ 2 +
K ~3 & (i--i) + K ( 1-~~~)v
i n ,DATA I i

+ 2
— K (1—~3) C (1—1) (5 .50)

I n,REF

and

+ + +
-K (1-(3) I~L (3 K (i-(3)
I I I

s = s + v (5 .5 1 )
i—i

(3 1-~ 3

0
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Region Ill

2 2
I > 0 (1) — & (1—1 ) (5.52 )
1 n,DATA n,DATA

2
+ (1-~~ )[v -, & (i—i)]

I n ,REF

2 2 2
T > 0 z~ q V — & ( i—i ) — & ( i — I ) (5 - 53)
2 i I n,REF n,DATA

the refo r e

2 + 2
& (1)—K & (i)+v

n ,REF i. n ,DATA I

2 2— C’ ( i— i ) — a- ( i—i )
n,REF n ,DATA

+ 2 + + 2
—K 

~ ( 1— 1 ) + K (1-~~~v - K ( 1.-n) & (i-i)
I n ,DATA I i I n ,RgF

2 2
+ v — Q ( f — i ) — (f—i)

1 n,REF n,DATA

0

I-

~~ 
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+ 2 + 2
— [K ( ‘ — ( 3)  + 1) & + [K (3 —1 ) 0~ ( i—i )

I n ,REF I II ,DATA

+
+ [K ( ‘— 1

~~
) + 1]v  (5 .54 )

I I

and

+ + +
-K ( 1 — p )  —1 K ( 3 - i  K ( i - ( 3 )  -I- I

1 1 1
S = s + v (5 . 5 5 )
1 1—1 I

(3 ‘- (3

I n order f o r  the  f i l t e r  to be s table , the  homogeneous solut ion

to the propagation equations must  decay to ze ro .  Th~ s r e~ u 1res t ha t

the eigcnvalues of the propagation matrix lie inside the  un i t  c i rc le .

In Region 1, s 0 is a degenerate ca-se. K will be indetern-Inate
I

- I i+i

and can be tak en as e i the r  one , based on t h e  p r e d i c t i o n  t h a t  t he  next

data image wi l l  be p e r f e c t , or zero , based on t h e  observation t h a t  the

reference image is alread y p e r f e c t .  In p r a c t i c e , t h i s  case wi l l  r a re l y

2 2
occur , and when it does, both C’ and C’ will be restored to

n,DATA n,REF

nonzero values as soon as a nonzero v is observed; thus , the  f i l t e r  I s
I

stable in this region of operation .

For Regions II and I I I , we solve t h e  c h a r a c t e r i s t i c  eq u a t i o n

for  the eigenva lues of the propagation matrix and investigate the range

of possible eigenvalues in each case.

0
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Region II

+ +
• 

-K (14) - IC

- F  i 1
— 0

2 +

— ~ —~~~?~+K (1— ~~)~~ 
(5.56)

i

+
the solutions are 0 and ~ — —K ( l — ~~ ). For ~~ to sa t i s fy

1 2 1 2

1 2 1  
there are two cases:

case l

— K ( 1—~~ ) < 1 (5. 57)

• +
—K < 1 (5.58)

I

which La always true, and

- 
case 2

—
~~~

+ K ( 1 —
~~

) < 1 (3,59)

0
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K (i-~~ ) < 1 + (5.60)

but

K ~ 1 and 1 - < 1 ( 5 - 6 1 )

so that .

K (1-~~~) < 1 < 1 +~~3 (5 .62 )

and Region II operation is stable.

0
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Region III

+ +
-K (i- (3 ) - 1  -~~~ K (3 - 1

i I
= 0

(3 - i

2 +
= + ( 1— ~~~~(i  + K )>-. — 1 ( 5 - 63 )

I

the solutions are

+ + 2
( 1— ~3) ( 1 + K ) / ( i — ( 3 )  ( 1  + K )

1 2 

J 

(5 .64)

and

+ / -1- 2
( 1 — ( 3 ) ( 1  + K ) / (l— (3)(1 + K

- 
I 

~~ 2 
— 

2 

1 

_ / i  
+ 

2 

-I 
< — 1

( 5 .65)

Region III is an unstable region of operation for the filter , but the

onl y t ime t h a t  the  f i l t e r  w i l l  ope ra t e  in  t h i s  region is when t h e r e  is

A2
evidence (f rom the innova t ion sequence)  t h a t  the sum of C’ and

n ,DATA

0
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2

a- is too smal l  and shou ld  he i nc rea sed  to  match  t h e  observed
n,REF

samp le v a r i a n c e  of t he  d i f f e r e n c e  image .

This  migh t occur i f  th e  f r a m e — t o — f r a m e  t r an s l a t i o n  er r o r

exceeded t h e  rad ius  of t he  search reg ion .  In t h i s  case t h e  cor rec t

regi s t r a t i o n  would not be one of t h e  t r i a l  r e g i s t r a t i o n s  and the

minimum d i s t a n c e  would be g r e a t e r  t h a n  t he  p r e d i c t e d  v a l u e .  Th i s  even t

is ind ica t ive  of a change in the underl ying image w i t h  respec t  to  t he

re fe rence  image and could he interpreted as a manifestation of a los s

of t r ack .  Th u s, th e filter will operate In Region III until T becomes
2

negative ; at which time , the  f i l t e r  r e v e r t s  to  s t a b l e  o p e r a t i o n  in

Reg ion II .

In C h a p t e r  6 a s i n ula t i on  r e s u l t  w i l l  i l l ust r a t e  th i s

c har act er i s t i c  rap id a d ap t a t i o n  of t h e  f i l t e r  to  a loss of lock

condition and the ability of an i n t e g r a t e d  t r a c k i n g  al gor i thm to

reacqui re  t h e  t a r g e t  a u t o m a t i c a l ly.

5.3 ICalman Filter Performance

The p e r f o r m a n c e  of the  reference—image up d a t e  process  is

strong ly dependent  on the  a b i l i t y  of t h e  s i m i l a r i t y  d e t e c t i o n  al g o r i t h m

to co r rec t ly r eg i s te r  t h e  incoming  dat a image . If the location of the

best match does not correspond to the correc t  reg i s t r a t i o n , the  f i l t e r

will incorporate t he  resulting error into the reference image and

increase the  r e f e r e n c e — i m a g e  noise v a r i a n c e .

F igure  38 i l l u s t r a t e s  the ability of the adaptive Kalma n f ilter

to c o r rec t l y e s t i m at e  the  d at a — i m a g e  noise var I a n c e , even thou gh the

initial estima te is cons iderably  i n  error.
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Figure 38. Kalman Filter Variance Estimates and
Residual Error Variance
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In t h i s  case , the da t a  Image sequen ce was gene rat d by

c o r r u p t i n g  the  image of Figure 63 with an uncorrelated Gaussian noise

2 2
sequence w i t h  C’ = 25. The i n i ti a l  value 1-or  m was 29 and

n ,DATA n ,DATA

(3 was set to have a t ime cons t an t  of 15 f r ames .  Even though t h e

incoming da t a  has  a noise component  w i t h  va r iance  25 , app l i c a t i o n  of

the non—linea r peak elimination filter as a presmoother results in a

f i l t e r  e s t i m at e  of t he  reference—image noise var iance  of onl y 14. T h i s

agrees quite closely to the approximately 50% r e d u c t i o n  in  noi se

variance which was real ized when the  non—linear  peak e l i m i n a t i o n  f i l .tc - r

was app lied to a pure  noise ima ge . O pera t ing  at .  t h i s  noise l eve l wi t h

N = 128 , the  s i m i l a r i t y  d e t e c t i o n  process  does make e r rors , as shown b y

Figure 39.

After 60 frames, t h e  t racke r has  bu i l t  up  an e r ror  of 2 p ixels

in the hor izon ta l  d i r ec t ion , and 1 p ixe l in t h e  v e r t i c a l  d i r e c t i o n .

Not e that  most of the  errors  a c c u m u l a t e  dur ing the i n i t i a l i z a t i o n

t r ans i en t  and b e f o r e  t h e  Kalman f i l t e r  has  had t ine to reduce the

reference  image noise var iance .

• In Sect ion 4 . 2  the n o n l I n ear  peak e l I m i n a t i o n  p r e ff l . t e r  was

developed to reduce the random noise In regions of the image wi th  low

F g radient  magn i tudes .  Figure  40 shows the d i f f e r e n c e  image distribution

with and withou t the  p r e f i l t e r  in use .

From th i s , it seems clear that  while the prefilter does reduce

the difference—image variance , the c h a r a c t e r i s t i c  shape of t h e

distrlhuticn is prese rved .

156 

C

• ~~~~~~~~~~~~~~~~~~~~~~~ -



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

_ _ _ _ _ _ _ _ _ _ _ _

N ] 28 W I  UI PRE —S MOO ’I III N(;

AND XFIJ UNDERLY INC 1~~~~ GE

5 .
S .
• S.

.• •••  ~~~~~~~~~~~ •• •.... i s  •.s.s.. ••• ...s •~~~s.. • . . • I. • t •. S

I—..——— ———-410 20 30 60 50 60
FRAME NUMBER

—5

S

.

a •~~s~ S 5 1 5 5 5 *  .~~ •• •
I — t  —I -——-— I--— —1

10 20 3(1 40 50
FRMIE N UMNE R

—5

F ig u r e  39. Ac cu mt ,~~~ted Ti-~.r k i n g  E r r o r

p

157

- -- -—.. -- — ~j h - -

- :‘- ., ~~~~. ~~~ ~
‘ 

- 
- - - - -

~~~ - - - _

- -- - - _~~~~~~ - -—-.•~~~~~~ —k- - - -
_

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

~~~~~~~~~~~~~~~~~~~~~~~~~~ — — ~~~— ---~ ~~~~~~-



_ _ _ _
--~ - _ _

1200
DA lA  TAKEN AFTER I RACK I NC
IMM;E SE QUI .NC~ LENI. S 10K
S FRA MES.  EACH 1)1  S IR  I 1011 i O N

-6 -

1~ 00

~

_

~

__,

~

/

// 
1200

800

• N ON—I . 1 ~M: -o: ) F.AK

° - 400 E L I M I N A T I O N  E X I r E R

L _ _  I I I I I I_

—6 — 5 —4 —3 —2 — ]  0 1 2 3 4 5 6
Ir — Id

Figure 40. DIf f e rence  Image D is t t- ihu t Ion~~, W i t h and With out
the  N o n — L i n e~’r l i-ak El iminat ion F i l t e r

p

4 158 

: -



-- --~ -- - - —- - - --- -5 -~~ ---- --- - - -- - -~~~

5.4 Summary

In t h i s  c hap t e r  an adaptive Kalma n filter was formulated to

perform the reference image up d a t e  f u n c t i o n  In a g e n e r a l i z ed  image

tracking sys tem . The f i l t e r  was a n a l y z e d  to  dete rmined  it - s st ab i l i t y

charac ter i s t ics  and i t s  a b i l i t y  to s ig n i f i c a n t ly r educe  t h e  r e f e r e n c e

image noise v a r i a n c e  was d e m o n s t r a t e d  t h rough  s i mu l at i on .  In  a d d i t l o c ,

the use of the n o n — l i n e a r  peak eliii t i na t ion  f i l t e r  as a p r ef  l I t e r  f o r

the sensor da ta  was shown t o  not a f f e c t  the  d i f f e r e n c e  Image statistics

other  than  to  reduce  the  samp le variance .

In the next chapter , the various pieces of a t racking System

that have beeti developed In chapters three , four , and f ive w i l l  be

Integrated i t-ito a sing le al gor ithm and evaluatCd as a whole via

simulation using real sensor dat-a.

I’
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chapter 6

TRACKE R PERFORNANCE

Up to this point , the i n d i v i d u a l  t echniques  f o r  Improving

t racking  per formance  have been anal yzed and d e m o n s t r a t e d  in i so la t ion .

In th is  chap te r , an integrated tracking algorithm is proposed wh Ich

incorporates  the concepts  developed in previous chapters , and the

performance of this integrated tracking algorithm is demons t ra ted  in

the presence of both noise and Image change .

6.1 An Integrated Tracking A lgorithm

An integrated tracking algorithm was developed to incorporate

the nonlinear peak elimina t ion pr ef ilter , the adaptive , reference—se t

selection process using the gradient—magnitude estimation algorithm

from Section 4.3.1 and the  adap t ive }~alma n f i l t e r  to p e r f o r m  t h e

reference—Image up date function. The logIc flow for this algorithm is

shown In Figure 41.

• When th is  a l g o r i t h m  was imp lemented f o r  c o m p u t e r  s imula t ion  the

following features were included:

1) The nun~,er of pixels in  the  comparison set was
ad jus t ab le  up to a va lue  of N 1024 (limited by
computer  me mo r y) .

2 )  The data  image source was s e l e c t a b l e  between
e i t he r  a sequence of noise corrupted copies of a f ixed
image or one of the  th ree  da t a  Image sequences
discussed in Appendix  I.

3) Each of the three component algorithms could be
turned off to allow the effects of Its absence to  be
evaluated .

p
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When the nonl inear  peak e l imina t ion  p r e f i l t e r  was t u r n e d  o f f , no

p r e f I l t e r i n g  was p e r f o r m e d .  When the adaptive , reference—set selection

algori thm was turned o f f , the  r e f e r e n c e — s e t  was taken  as a f ixed grid

of pixels cente red on the  a impo ln t  w i t h  a selectable i n t e r — p ixe l

spacing . Thus , a cont iguous  block of p ixels could be used f o r  one

simulation run , and a sparse grid could be used f o r  ano the r .  When the

Kalman filter was turned off , the reference image up date process simp ly

cop ied the da ta  Ima ge as the  source f o r  ex t r ac t ing  the  next r e fe rence

set. This procedure presented the maximum number of opport ’inities for

t i e tracke r to accumulate error in a f ixed amount of computer

simulation time.

The performance of the tracker can be separated into two parts

for evaluation purposes. The firs t part Is the  p e r f o r m a n c e  of t h e

similarity detector (with or without prefiltering ) in t h e  p resence  of

noise in the da ta  ima ge . In Sec t ion  3.10 it was shown that the  sum of

the noise in the reference Image and the noise in the data image is the

fac to r  which determines  p r o b a b i l i t y  of e r ro r  and t hus , f o r  a pa r ticular

image , t h e  mean—square tracking error. The second part is t he

performance of the adap tive Kalman filter In e s t i m a t i n g  the  under ly ing

Image f r o m the da ta image sequence. Wh ile the f ilter can never r educe

the reference—image noise component to zero , it can c ome very close to

2 2
reducing the sum of C and ~~ by a f actor of two f r o m  wha t

n ,REF n ,DATA

It would be withou t the f ilter (withou t the filter ,

2 2
) .  Recall tha t  f o r  moderate values of N , a signal—

n,REF n,DATA

to—noise ratio Improvement of a f ac to r  of two can make a very
p
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significant conti-i bution to reducing the probability of error (see

Figure 11).

In Section 5 .3  the  p e r f o r m a n c e  of t h e  a d a p t i v e  Ka lman f i l ter

was demonstrated with respect to Its ability to reduce the reference

image noise variance. That performance is independent of N and depends

only on the ability of the similarity de te ctor to prov ide a sequen ce of

registered images. The similarity detector p e r f o r mance was measured by

Monte Carlo simulation . Using the image in Figure 63 as the reference

image, N = 32 , 64 , 128 , and 1024 , and the adaptive reference selection

algor i thm , 100 noisy data image s were matched agains t the kno~m perfect

r e f e r ence  set.  The mean—squa re  reg i s t r a t i o n  e r ro r  was c omputed  ~or

each set of 100 data  images  and i s  shown in F igure  42 f o r  v ar i c i s

2
values of a • Monte Carlo runs of 64, 81 , 100 , a nd 200 imag es

n ,DATA

were made fo r  N 6 4  wi th  onl y sm a l l  changes  i n  mean - - square  e r ro r .

The nonl inear  peak e l i m i n a t i o n  f i l t e r  p rov ides  app rox ima te l y a

20% reduc t ion  in m e a n — s q u a r e  e r r o r  f o r  this particu lar image at a noise

variance of 25. Figure 43 il lustrates the decrease in average signal.

s t r e n g t h  t h a t  accompanies  t h e  incre ase  in  N f o r  t h is  p a r t i c u l a r

reference image for a shift of +1 pixel along the x—axis. This

phenomenon of decreasing mean squared error in the fa-:e of decreasing

average signal. s t r e n g t h  serves to illustrate the fact that increasing

the nunter of e l e m ent s  in the  r e f e r e n c e  set more than  o f f s e t s  t h e

decrease in average signal s t r e n g t h .

Up to th is  po in t , a l l  s imula t ions  h ave used a s ing le k n own

underl ying Image . While t h i s  t echn ique  provides  excel lent  con t ro l  over

the s i m u l a t i o n  p a r am e t e r s  and abso lu t e  knowled ge abou t the relative
p
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motion of the image  on a f rame—to--fram e basis , It  does no t  a l l o w

exploration of the capability of the integrated tracking algorit~ci to

track an object wh ich Is truly cha nging s ize  and shape as  wel l  as

position within the image . It  is t h e  potential a b i l i t y  of t h e  a d a p t i v e

Kalman filter to maintain an accurate estimate of the underlying image

in the presence of change that promises to Improve the p e r f o r m a n c e  of

the total tracki Fystem . The capabilit y of adapting to a cha nging

scene and deriving a measure of system performance from the noise

var iance estimates and the measured signal strength will provide a

system designer with features not previously available In image—

tracki ng systems.

As an exa mp le of the perforrCancc’ that can be obtained through

integration of nonlinear prefiltering , adaptive reference selection ar i d

the adapt ive  Kalma n F i l t e r , the  i n t egr at e d  t r a c k e r  was used to track

the data image sequence AIRPLANE for 89 frames. The nose of the

aircraft was designated in the firs t frame , and the detected frame—to—

frame motion wa~ accumulated to produce the estima t ed position of the

aircr aft within each sequential image . After each reference image

update , the  reference Image was written onto magnetic t ape w i t h  the

location of the estima ted target position ma rked with a cross hair. A

sample of these reference Image s with the indicated aimpoints ma rked is

shown in Figure 44 thro ugh Figure /48.

Th ese image s corresp on d to the r e f e r e n c e  Image a f t e r  be ing

updated from the corresponding image in Figure 58 through Figure  62 .

Figure 49 shows the detected motion of the image sequence with every

t e n t h  f r a m e  numbered  (some frames had no dctected motion so there are

not necessarily nine points between each marked frame).

p

166

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

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ --- --~~~ -- - - ~~~~~~~- - - --—- -



.
~~~~~~~~~~~

-- 
~~~~~~~~ 

~~~~~~~~~~~

Frame I

I rame ii

Fl gur ’ 44 . l~p~!- t - -d rc f p p j  m;~~ e a fter f ramps 1 and 1 1p

4.

A.14.. - ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ - _ -- ~~~~



r 
- -

Fra me 21

4 - --

*

Frame 31

Figure 45. Up dat -d r e f e r e n c e  I mage a f t e r  f rarios 21 and 31

I 68

S -- ~~~~~~~~~~~~~~~~~~~~~~ — -
- -

~~~~
-—---—-•--- 

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~.rtf ~~
-
~

c_ _ — -- - -



n5-—

- 5 - -  
- -—- - 5 - --- -

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

—- - 

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

- - — - - - - 5 - 5-

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

Frame 41

Frame 51

• Figure 46 . Up d.i  t i-d ref crence I N - 1  a ter f r am e s -~ I and 5!

.16 C)

— 5— — 

5- — 
~~~~~~~ ~~-.,



p

Frame 61

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

Frame 71
p

F i g u re  47.  I J pdatt-d refer,n - i rna)~e af  t er  f r ames 61 and /1

170

- ~~~5_____._~-. -~-~~-— - --- i ;__;_ — ~~~~~~~~~~ ~~~~~~~~~~~~ 
-— 

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ - ---  — 5-—— — -5---—



~~~~~ 

- 

: ii~~- - . 
~~~£ 4 - - 

~~~~~~~~~~ 
-

~~~~~~~ 

-

Fr ame 81

— - ~~~~~~ - 4 -, -V
S 

- 
•t_~~~~~~ ••4~~% -

Frame 89

Fi gure 68. Up dated reference image a f t e r  frames 81 and 89

171.

4.

-,

~

• -‘-

~

--

~

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



-—-5— - - - - ---5-

89

70

80

FRAME NUMBF;R

40
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2 2
The filter estimates of 0 and C are shown i~

n,DATA n ,RE F

Figure 50 and the variance of the difference image is plotted in Figure

51.

For this simulation , there were 128 elements in the reference

set. For comparison , Figure 52 shows the detected motion for a minimum

norm t racke r using a 256—p ixel r e f e r ence set arranged in a cont iguous

block (16 by 16) centered at the in it ial pos ition indica ted by the

cross hai r  in Figure  44 but  w i th  no p r e f i l t e rIn g  and no Kalman f i l tered

reference up date.

While this tracker takes maximum advantage of the correlation

between correct and Incorrect trial registrations , and uses twice as

many p ixels in the reference set , it cannot track the motion of the

Image sequence.

FIgure  53 , Figure 54 and Figure  55 illustrate the performance

of the integrated t racking algorithm in the presence of added noise.

1½~o important tracker characteristics are demonstrated in this

tracking sequence. First , the f ilter was initialized with a va]tie of

2
(0) = 29 wh ich is an unnecessaril y pessimistic value. The

n,DATA

filter however rapidl y diagnosed that this value was not consistent

with the observed d i f f e r e n c e  image samp le var iances  and reduced t h e

2
est ima te of ~~ to abou t 20 over a per iod  of 30 frames (2 tIme

n ,DATA

constants for the selected value of ) .  This value then  remained

approximate l y c o n s t a n t  f o r  the  res t  of t h i s  run w i t h  t h e  exception of a

perturbation around irame 65 due to a loss of t rack  and the ensuing
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r e ac qu i s i t io n  Second , the loss of track Wh i c -k occurs at frame 63 is

immediatel y recogn i zed by the ffl te r as a s i g n i f i c a n t  e v e n t .  T h e  v ery

2
rap id increase in & which a11o~rnc t h e  r e f e r e n c e  image to  c ha i yc

n,REF

qu ickl y,  is a dir c - L  result of the f i l t e r  e n t e r i n g  Region I I I  of

operation (the unstable region). By fral ? 67 the filter has reentered

2
Reg ion II and has  reduced & to near its previous value by frame

n ,R EF

71.

2
The g radua l  i nc rease  in  f rom f r a m e  72 to the end of the

n,REF

data sequence is attributable to the variation in size and shape of t h e

a i r c r a f t  iuugc , and dernonstrat ’s the abilit y of t h e  f i l t e r  to

accommodate  i t s e l f  to  ac tua l  image change .

The conclusions to be drawn from these s imulalions and chos e of

Sec t ion  5.3 are that:

1) Adaptive reference selection maximize s the
si gnal  Component of the reference “ci.

2 )  P e r f o r m a n c e  of t h e  minimum t~orn t r a c k i ng
al gorithr ’ as measured by mean sQuare registr ation error
improve s w i t h  i nc r ea s ing  N and a l so  in p r o v e s w i t h
increasing signal—to—noise ratio for f ixed N.

3) T h c -  nonlinear peak elimination prefilter
r educ es  mean sq uar e  t r a c k i n g  error throug h reduct ion of
the  da t a  image noise  van  : 1 4 c c - .

4 )  The a d a p t i v e  Kalman f i l t e r  can s i g n i fi c a n t l y
reduce the  r e f e r e n c e  m ire noise variance anti
simultaneousl y estinat e both the reference image noise
variance and t h e  d a t a  iIr4.lg& ’ noise v a r i a n c e .

p
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6.2 Summary

In this chapter the performance characteristics of an

integrated tracking algorithm have been investigated . The selected

algorithm incorporated the non—linear peak elimination prefilter,

adaptive reference set selection using the gradient magnitude histogram

for selecting reference pixels, and the adaptive Kalman filter for

reference image update. The benefits of increasing reference set ~i~e

were Illustrated and the capability of the integratec~ tracking

algorithui to accurately track an image sequence was demonstrated .
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Qiapter 7

CONCLUSIONS AND RECOMMENDATIONS

The ma jor thrust of this research was directed toward

developing new techniques for tracking seq uences of digitized images.

A model of a generalized image tracking system was defined for use as a

basis for analysis, and fou r new techniques were developed. The

practical implications of these techniques are summarized in the next

section, as a re the conclusions which can be drawn from this work. In

the last section several recommended areas for fut ure research are

pointed out.

7.1 Summary and Conclusions

Four new techniques were developed for application to the

~~neral sequential image tracking problem :

1) A non—linear peak elimination prefilter

2) Two techniques for similarity detection:

4 a) A non—uniformly weighted norm

b) An adaptive reference set
selection algorithm based on the
gradient magnitude histogram (including
a new and very effective gradient
sagnitude estimator)

3) An adaptive Kalman filter to perform the
reference image u pda te

While the four techniques which were developed are applicable

to three d if f e r e n t  functional areas in the general image tracking

qstse, and with the exception of the non—uniformly weighted norm and

182
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the adaptive reference set selection algorithm which are not directly

comparable , it is possible to provide a subjective evaluation of their

relative merit.

The greatest payoff is obtained by using the adaptive Ka.lman

filter to maintain a high accuracy, low noise reference image at all

times. The effective signal—to—noise ratio for the tracker is almost

doubled when the filter is used , with a correspond ing improvement in

tracker per f ormance .

The next most usefull of the techniques developed is the

adaptive reference set selection algorithm. The performance

improvement which is obta ined by tracking on subsets of the reference

and data images comes from the correspondingly larger image tha t can be

processed. For example , a t racker which today can process 256

reference pixels and 256 trial registrations per frame may only

maintain a data image containing 1024 total pixels and a reference

image of 256 pixels. By using the adaptive reference set selection

algorithm a much larger reference image can be maintained (perhaps as

large as the entire data image ) while only processing a small subset to

determine image misregistration. The resulting signal—to— noise ratio

1. substantially enhanced by using only the good w pixels f or the

reference set ; the same processor speed can be tolerated. The one

factor on which this projection depends is the availabilicy of a device

to perfor m the gradient estimation task at realtim e rates. While the

gradient estimator developed in Q~apter 4 has many att ractive features ,

a less complex gradient estimator in hardware might prove to be

satisfactor y in implementing the adaptive reference set selection

algorithm for a particular application.
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The nonlinear peak elimination prefilter appears to be very

easy to implement in either hardware or software, and for low contrast

images seems to provide up to a factor of two reduction in noise

~~riance. However , for high contrast imagery the adaptive reference

set selection algorithm will incorporate into the reference set pixels

which lie on high gradient ed ges, and a re less likely to h ave been

aff ected by the prefilter. Under this condition , the nonlinear peak

elimination filter may not provide its maximum potential benefit.

An important aspect of the integrated tracking algorithm is the

serendipitou s behavior of the component parts. The n on—linear peak

elimination prefilter reduces the random noise component of the

incoming data images. The adaptive reference set selection algorithm

maximizes the signal component of the reference set so that the minimum

distance registration is correct a higher percentage of the time , thus

reducing the average difference image sample variance. The adaptive

Kalman f ilter maintains a high quali ty (low noise ) reference image and

estimates both the data image noise variance and the reference image

noise variance. The gradient magnitude estimator uses the Kalman

filt er estimate of the reference image noise variance to control the

detection threshold and thus maintains a fixed probability of

erroneously includi ng a bad p ixel in the reference set. Since the

pixels in the reference set tend to lie along edges in the image , the

matural adjacency of the reference set p ixels t akes advantage of the

noise correlation that exists between the correct and incorrect trial

registrations and reduces the probability of selecting an incorrect

trial registration. The reduced noise component of the Kalman filtered

reference image further decreases the probabili ty of error.
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7.2 Recommended Future Work

Several areas of potentially fruitful research are apparent.

Since the sin othness of a two dimensional distance function determines

the appropriateness of the search type, an exh austive search is

dictated where the trend information from adjacent trial registrations

is an unreliable indicator of the direction t oward the minimum of the

distance function . It seems reasonable to expect tha t a roughness

parameter can be developed wh ich is a funct ion of the s ignal—to—noise

ratio. This parameter shou ld indicate the probability tbat  the minimum

distance lies in the direction indicated by a distnnce function

gradient measure associated with a particular trial registration.

The development of techniques to determine the location of the

registration coordinates by interpolating between trial registrations

would be a useful extension of this research . This seems to h ave some

potential for  reducing error.

The question of wh en to extract a new reference set from tne

reference lun ge in order to minimize the aimpoint d r i f t  rate r emains

unanswered , as well as a number of questions regarding the relative

$ performance of trackers emp loying more easily computed distance

functions (absolute value or H amming distances for example).

In the near future  there is probably a speed advantage to be

had in any digital processor using f ixed point arithmetic. As a result

there are questions to be answered r ega rding the appropriate word

length and scaling to be used in mechanizing the adaptive Kalman

filter.

p
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Appendix I

Data Characteristics

Three image sequences were gathered f o r  use in t racking

experiments. Sample images from each sequence are illi•strated in

Figure 56 through Figure 62.

All image sequenees were obtained from vidicon sensors,

recorded on commercial video recorders, and transferred to a video disc

for digitizing. A subsection 128 pixels wide by 96 pixels high from

alternate TV. fields was then digitized to six—bit accuracy with an

inter—pixel separation of 100 nanoseconds in the scan direction . Total

system video bandwidth was approximately 3.5 11Hz. No correction was

made for nonlinearity of the vidicon input—output transfer function.

For purposes of reproduction the dynamic range of the image9 was

expanded linearly to the point where one tenth of one percent of the

brightest and darkest pixels were clipped . To obtain the original

aspect for the images, tilt the page until the ratio of height to width

is 1.17 . Figure 64, Figure 65, and Figure 66 present the distribution

of intensity levels for the first frame of each sequence.

Figure 67 shows the relationship between the original T.V.

format and the images as reproduced here.

Both CARS and TREES were obtained under controlled conditions

with a rigidly mounted , high quality, commercial T.V. camera. The

sequence CARS presents a highway intersection with cars stopped at a

red light. The image sequence TREES presents a field of ripe winter

wheat containing some weed growth with a line of trees in the

background.
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AIRPLAN E was obtained under less controlled conditions from a

asail ruggedized T. V. camera mounted on the gimbal of a ground—based

ai rcraft tracki ng system. This image sequence presents an Air Force F—4

ai rcraft making a low pass over the tracking Site. The aircraft is

moving vi th respect to the backgr ound , the sensor field of view is

moving with respect to the line—of —sight to the aircraf t , and the

aircraf t is changing in both aspect and apparent size during the

approximately three seconds represented by this image sequence.
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Figure 56. CARS — f rame 1
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Figure 57. TREES — frame 1
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Figure 64. In t en s i t y  h istograms for  Frame 1
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