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ABSTRACT

Viurious space station avlonomous operations where research 1s bewng conducted to
support unmanned missions are discussed. The problem of representation and manage-
ment of uneerlaintics mvohed in image analysis and recognition tasks of those opera-
tions is particularly addressed. Various tools based on fuzzy sct theory and probability
theory that reflect different kinds of ambiguity. uncertainty, and information in an
image are listed. Their uselulness in providing soft decision and quantitative indices for
autonomous operations is deseribed along with the uncertainty in membership functsor
evaluation. The mernits ol meorporating fuzzy set theory n neural networks and in
genctic algorithms for efficient handling of uncertaintics are alse addressed.

1. INTRODUCTION

Real life problems are rarcly free from uncertainty, which usually
cemerges [rom the deficiencies of information available from a situation.
The deficiencies may result from incomplete, imprecise, not fully reliable,
vague, or contradictory information, depending on the problem. Manage-
ment of uncertainty in a decision-making system has been an important
rescarch problem in recent years.

Until the inception of the concept of fuzzy set theory in 1965 through a
classic paper of Professor Zadeh [1), the theory of probability and statistics
was the primary mathcmatical tool for modelling uncertainty in a
system /situation. Fuzzy sct theory has shown enormous promise in han-
dling uncertainties of a rcasonable extent in various applications, particu-
larly in decision-making models under different kinds of risks, subjective
judgment. vagueness, and ambiguity. This theory provides an approximate,
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and vet effective and more Mexible means of deseribing the hchuvior.nf
wedems that are 100 complex or too ill-defined 1o admit of precise
mathematicnl analvsis by classical methods and tools, Because this theory
i o concralization of the classical set theory. it has greater flexibility to
czlplfnrc Faithfudly the various aspeets of il}(,?(]n'lpiCiCﬂC'ih‘ or impcrf‘ccti(m in
information about a situation. The flexibility of fuzzy scet theory 18 associ-
ated with the clasticity property of the concept of its membcrship functlion.
The grade of membership is @ measure ol the compatibility of an object
with the concept represented by a fuzzy scl. The highc.r the value of
membership. the Tesser will be the amount (or cxtgnl) to whlch the .C(mccp[
represented by a set needs o he stretched to it an t)b_lccl. (It is to he
mentioned. in this connection. that the Dempster-Shafer theory [2] and
toueh set theors [30 4] hine alse gained popularity receatly in maodelling
uneertainty in p'rnhlcmt. related to knowledge-based expen s_w-.lcm\.]. .

AL the Johwnson Space Center, anvestigalions in control and decision-
mokime swestems using fuzzy fogic started about seven years ago. Rescarch
;1L‘1i\‘|l!tc\'h;l\ ¢ heen conlinuing, in various space autonomous Upcrnlin.n
prohlems. and the Teasibility ol several applications zll(‘mg wilh.lhur
atccess his heen demonstrated §5-12) Because the techniques of image
processing and  patter recognition interact with and s.up.porl a I:l‘rgc
rcentage of space control problems (e.g.. docking, proximity operation.
L‘:nncru (rackine. and collision avoidance). the tvpes of upcertainties and
ambiguitics invohed in those prablems may be cateporized. broadly. i_n two
aroups, nmelv, uncertainiy in proacessing and intcrprclmg of a gray image
pattern. and uncertainty in the subseqacnt control npc.rnlmn.\. ‘

The purpose of this paper is to explore the cffeetivencss f’t fuzq’ set
theon in representing /deserihing various uneertainties that might arise m
the aforesaid wpitce amonamous aperations and the ways these can be
maniecd in order (o hive suceessiul unmanned missions, Particular atten-
Gon has heen paid from o pattern analysis /recognition _puinl gf \.ficw.
Although the paper is mostly devoted to fuzzy set theoretie applications,
wome tools and approaches based on prohability theory, neurasl nclw.urk‘
and eenctic algorithms are also discussed. Section 2 desceribes various
\p;u«; station ﬁmhlcmk where rescarch s being cnnduchL‘l for ma'kir‘lg
these Gisks automatic. The kev features and the role of fuzzy Jogic in
representing virious uncertaintics s those problems are C\'plnin.cd.in
Section 3. Seetion 4 deseribes how the uncertainty arising from subjective
cvaluation of membership function by the operators can be represented in
terms of spectral fuzzy sets [13]and bound functions [14]. \farinus fuzzy sct
thearetic and probabilistic tools for measuring information on grayness
ambiguity and spatial ambiguily in an image are explained in Scctmn 5.
Their applications to low-level vision eperations (¢.g.. segmentation, skele-
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ton extraction, and cdee deteestion), whose outputs are crucial and respon-
sible for the overall performamice of a vision svsiem, are then presented for
demonstrating the cllectivencss of these tools in managing uncertaintics
by providing hoth soft and hard decisions. Their usefulness in providing
guantitative indices for autoneymous operations fis also explaincd. Section 6
desceribes, in briel, the uncertainties in higher level vision operations, i.c..
in fcature /primitive extractio n, knowledge acquisition, and svatactic clas-
sification, and the leatures  of Dempster-Shafer thecorv and rough sct
thcory in this context. Some of the recent attempts on fuston of the
theories of fuzzy sets and neu ral networks for efficient handling of uncer-
tainty (in the scnse of paral lel proeessing, robustness and also perfor-
mance) are mentioned in Sectien 7. The concept of genetic algorithms [15]
and its possible use arc explat ned in Scetion 8.

20 AUTONOMOUS SPACE= STATION PROBLIZMS

Some typical space station groblems where rescarch s being conducted
at the Software Technology Branch, NASA Johnson Space Center for
automating various tasks are explained below, These include autonomous
orbital operations such as docking for repair and servicing, camerst track-
ing for moving objects and proximity operation. Mars rover path planning
and collision avoidance, and  tether caontrol problems. Some of these
operations that are related to the theme of this article are explatned
below,

200 AUTONOMOUS ORBITAL (QPERATIONS AND THE ASSOCIATED TASKS

A typical rendezvous missioen scenario for satctlite servicing is shown in
Figure 1. It requires orbit tramsfers, rendezvous planning, phasing mancu-
vers, and guidance and targeting for proximity operations [12). These tasks
are required to approach and capture a satcellite for repair or maintenance
or to return 1t to the space stataon or the carth. Repair and maintenance of
sitellites also require control ©f robotic manipulator arms if such repairs
are to be performed at the satellite location as opposed to returning it to a
permancntly manned site such as the space stafion or the carth. Some-
times a satellite may require «nly an inspection to determine if there s
damage or not. In this case, only station keeping or fly-around mancuvers
ATC NCCessary.

In the problem of rendezwous of two space vehicles, it s tvpically
assumed that the target vehicle can maintuin a stable orbit during the time
required for the rendezvous to take place. 1deally, it will also have a stable
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Fig. 1. Typical satellite servicing mission scenario.

attitude. although for vehicles in distress this may not be possib]e.‘ For
<e=vercly distressed vehicles, the actual orbit may also be affected. In either
czase, the problem of rendezvous and capture may be necessary.

The target vehicle is assumed to be at the origin o‘f a coordinate system,
krown as the local vertical local horizontal (LVLH), where positive z is
directed from the target to the center of the carth (or, in general to the
ceenter of whatever body it is orbiting), positive y is along the negative of
thre angular momentum vector, and positive x completes the right-handed
coordinate system. as shown in Figure 2, The chasing vehicle will be the
orilv vchicte assumed to be able to intentionally modify its trajectory and
a4t titude in this relative coordinate system. The performance of the afore-
saaid tasks requires trajectory control of the active vehicle relative to the
ta rget vehicle, including not only retative positions of the two vehicles, but
also the attitude of the active vehicle.

The performance of a rendezvous requires many tasks to be performed.
Mission planning based on mission goals and constraints is at the highest
level. For example, a scenario for the capture of a satellite needs to be
developed that will incorporate time requirements, fuel constraints, and
lighting and communications requirements based on the best assessment
of the current and projected situation, The system will have to be intelli-
gent enough to continually evaluate the status of the rendezvous and to ‘be
able to adapt (learning) to the unexpected occurrences through contin-
gency planning or real time tuning of control algorithms. Such a system
.<quires many inputs from a variety of independent sources, €.g., ranging
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Fig. 2. The local vertical local horizontal (LVLH) coordinate frame.

and visual sensors, navigation systems, object recognition systems, human
inputs from ground-based or space-based stations, on-board planning
systems, diagnostic systems that report on the heaith of various systems,
including individual sensors, and redundancy management systems. Some
specific problems are tracking of moving objects with sensors such as
cameras, radar, lasers, or star trackers. In the event of multiple objects in
the vicinity of the desired target vehicle, it must be possible to recognize
the proper one, and for final approach to the vehicle it will be necessary to
recognize objects on the target vehicle such as docking ports or grappie
fixtures.

The next important task is trajectory control, especially the control of
relative position with respect to the target vehicle. This must be performed
during the rendezvous. In some segments, control has to be very precise,
whereas in other segments the accuracy requirements may be relaxed to
some extent. Trajectory control requires a continuous knowledge of cur-
rent state, which is typically derived from several sensor measurements, [t
also requires the information regarding a desired state typically provided
by the guidance systems. It should be noted that the information required
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lor trajectory control is continuously changing with time and is highly
dependent on the accuracy of sensor mcasurements.

Similarly, attitude control is required throughout the mission. A robust
attitude control enhances trajectory control because the cxecution of
desired delta-V s much more accurate. Poor attitude control can definitely
result in o mission failure. It should be noted that rotational control has to
he very precise during the final approach and docking scgments, because
the coupling between the rotational changes and the relative distances is
significantly high. Again note that the knowledge regarding current as well
as the desired attitude 1s required, and this information changes with time.

Both of the above tasks require processing of sensor data and its
synthesis, Al measurements must be accurately interpreted, and action
must be taken accordingly. Because several sensors are used, proper data
fusion must be performed and cach measurement must be used in its
proper context, Otherwise, the probability of mission failure increascs very
significantlv. This data fusion task nccessarily includes the monitoring task
that must be continuously performed. and any deviations from the planned
trajectory must be reported immediately.

Onee the chaser spacecrall gets close to the satellite, its approach to the
docking port must be carefully maintained with tight control of its transla-
tional as well as rotational state, The controller must he very precise and
must have a fine tuning capability. At the end of the approach task, it must
mitiate docking and rigidizing procedures, which will use a completely
different sel of sensors. There must be some provision for a recovery
procedure in case of a docking failure. When the crew performs these
[unctons, they interpret the measurements aceording to their training and
take action according to the procedures developed in a mission simulator,
These procedures tvpically include steps in case of a docking faiture. The
autonomous vehicle must have the same capahility for mission success.

The vehicle must prepare for return o base with or without the
pasload. These preparations could be very lengthy or very short depending
it what procedure the crew decides to use and how their sequence of
actions v organized. Inoany cvent, thinking like the crew will definitely
help to solve the problem of increasing autenomy in rendezvous opera-
Hens,

Camera Traching Svstem

Let us now discuss, in particular. the development of a camera tracking
control svatem in orbital operation. Advanced sensor systems with intelli-
gence and distributed nature are required for activities like proximity
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operations and traffic control  around the Space Station Freedom (SSF).
There will be several sensors of different types for providing various
measurements simultancously zs input to such a system. The System uses
the objc_ct position in a scene  as input and controls the gimbal drives (o
keep it in the Field Of View (FOV) of the camnerd, as shown in Figure 3.

Tracking of an object meams aligning the pointing axis of a camera
along the object’s line of sight. "The monitoring camera is typicatly mounted
on the Pan and ult gimblc drive s which are capable of rotz;ting the pointing
axis within a certain range. "The task of the tracking controller is to
command these gimbic drives so that the pointing axis of the camera is
along the line of sight vector which is estimated from the measureme nts,
‘ For the fuzzy logic-based trzaicking controller, the inputs are range and
line of sight vector, and the out puts are the commanded pan and tilt rates.
The line of sight vector is inpuat in terms of pixel position in the camcra
FOV. When an image is reccived, it is processed to determine the location
oflths: object in the camera freame which has the vertical, horizontal and
pomnting vectors as three axes. The centroid of the image is computed and
1S uscc_] as the current locatiors of the object in the viewing planc. This
plane is a Cartesian coordinate plane having vertical and horizontal axcs.
The size of the viewing planc is 170 x 170 pixel with origin at the upper left
corner (Figure 3). The range of the object is received from the laser range

‘fmdcr as a measurcment. These three parameter values constitute the
Input vector 1o the controller.
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Fig. 3. Concept of a camera tracking system.
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Application of Camera Tracking System for Traffic Management

In the future, the SSF may have many vehicles approaching and
departing the facility simultaneously. The crew onboard SSF will then have
1o perform the traffic management function very aetively for safety rea-
sons. The camera tracking system can be used effectively during these
opcrations and can help the crew to efficiently manage the traffic around
SSF. During assembly and other extravehicular operations, tracking and
monitoring of other objects around SSF is required for mission success.

The capabilities of the tracking controller can be further tnercased to
perform other functions such as approaching toward the object, grapple,
object identification, traffic management, and caution and warning to
crew. Fast-moving objects can be identified easily via prediction of position
and thus collision avoidanec can also be achieved. Because the system can
work as a stand-alone system at the command level and will interrupt the
opcrations flow only if necessary, it can become a node in a distributed
SCNsOr system.

Reinforcemmient Learning for External Environment during Docking and
Repair Operations

A space shuttle crew injtiates the proximity operation procedures and
docking mancuvers, when the orbiter 1s within 1,000 feet of the payload. It
is cxpected that the payload will remain in a stable attitude and in nearly
the samc orbit during this entirc period of time. Typically, the crew
performs an approach known as the v-bar approach, keeping manual
control of the orbiter. Docking maneuvers with the payload are also
performed manually. The manual procedures and algorithms used during
these tasks by the crew are developed using the real-time shuttle mission
simulator facility on the ground.

During proximity operations, if the algorithms require some adjustment,
the so-called fine tuming, it is performed real-time, even if it was not
lcarned in the real-time simulation, Real-time adjustments are achieved
bascd upon the current situation (e.g., the satellite is not in a stable
attitude or its orbit is constantly changing) and goal achievements. Thus,
the crew constantly learns and updates these procedures and algorithms as
their experience base builds up.

2.2 CONTROL OF MARS ROVER FOR SAMPLE COLLECTION

The space exploration initiative of the US. includes plans for un-
manncd missions by NASA to Mars to investigate the terrain and to
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process soil samples in advance of a manned mission [12]. Surface explo-
ration of Mars involves an environment where uncharted obstacles are
likely to interfere with maneuvering of a rover vehiele. In addition, since
lh; worst case round trip communications time between Earth and Mars
w!]l require 20 minutes, Earth-based tele-robotic control of the Mars rover
will be extremely difficult and time consuming, and could seriously endan-
ger the suceess of the mission. Hence, autonomy is needed for operations
of vehicles.

It is anticipated that specific target locations will be destgnated for
sample gathering. In maneuvering autoromously from one position to
another, the rover will need to avoid a vatiety of obstacles {e.g., boulders
or troughs) that cannot be identified prior to the mission and that can
block the shortest path to the target. Therefore, the rover must interpret
the obstacle size and its distance on the basis of imprecise sensor measure-
ments. Once the unforeseen obstacles that can cause a hazard to the
vehicle are determined, one can plan a trajectory to avoid them, so that
the physical integrity of the rover is maintained while minimizing the time
and distance required to reach a target position. '

3. AMBIGUITY, UNCERTAINTY, AND FUZZY
LOGIC /MATHEMATICS

In the previous section, we explained the various space station problems
where autonomous operations are necessary in order to have a successful
mission by making these tasks efficient. As we know, real life problems are
rarely free from uncertainty, which usually emerges from the deficiencies
9f information available from a situation. The deficiencies may result from
lpcomplete, imprecise, not fully reliable, vague or contradictory informa-
tion depending on the problem. Let us now deseribe the various uncertain-
ties an_d ambiguities involved in the aforesaid autonomous space research
operation and how the concept of fuzzy sets and approximate reasoning
can provide a helpful tool for handling them in order to develop an
efficient expert system.

_ Becausg the techniques of processing and recognition of image patterns
Interact with and support a large percentage of space control problems
(e.g.. docking, proximity operation, camera tracking and collision avoid-
ance), the types of uncertainties and ambiguities involved in those prob-
lems may be categorized, broadly, in two groups, namely, uncertainty in
processing and interpreting of an image pattern, and uncertainty in the
subsequen} control operations. In other words, the uncertainty may atise
_from amb:guity in image data (due to noise and/or fuzziness, say) and in
lts processing, ambiguity in exact meaning of the terms used by the crew
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(e, the terms represented in the knowledge domain} and ambiguity in
rules et fe.en doubliul cannection between the anteeedent and conse-
raent in an inlerence ruled,

A NENGH IBIGURY AND UNCERTAINTY IN
FES PROCESSING /AN LSS

A erav tone imige possesses some ambiguity within the pixcls duc to
the possible multivatued Jevels of brightness. This pattern indeterninacy is
due Lo inherent vagueness rather than randomness. The conventional
Aprroach to image analysis and recognition consists of scgmenting (hard
partitioning) the image spice into meaningful regions, extracting lls.dnfcr‘
ent feaures (e.g.. edges. skeletons, centroid of an object), computing the
various propertics of and relationships among the regions. and interpreting
and Zor classilving the image. Because the regions in an image are not
abwavs crisply delined. uncertainty can arise at every phase of the aforesaid
tacke. Any decision taken at a particular level will have an impact on all
hicher lovel activities. Therefore, a recognition system €or vision system)
hould have sufticient provision for representing the uncertainties mvolved
Al eveny stage. e in delining image regious, its features, and relations
among thepn, and in their matching, so that it retains as much as possible
the information content of the original input image for making a decision
At the hivhest Tevel, The ultimate output tresult) of the system will then be
aesociated with least uncertainty (and unlike conventional systems it will
not be binsed or affected very much by the lower level decisions).

For cxample, consider an operation control rile in the camera tracking
problent

I the abject {tareet) is Jar-fefi o then rotate the camera to the left side.

Now. the question is “Tow can someone define exactly the target or object
region or its contours in a scene when its houndary s ill-defined?” Any
hitrd thresholding made Tor its extraction will propagate the associated
uncertainty to the following stages. and this might affect s feature
analysis and recognition. Similar is the case with docking operation for
senicing, and Mars rover control problem where the autonomous opera-
foas involve the task of recognizing an object (cither as target or as
obstacle) from a grav image and/or determining its depth (and distance)
irom the contours of two sterco images.

From the aloresaid discussion, it becomes therefore convenient, natural
and appropriate o avoid committing ourselves to a specific thard) decision
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{c.g.. segmentation /thresholdding, edge detection and skeletonization) by
allowing the segments or ske letons or contours to be fuzzy subscts of the
image; the subsets being characterized by the possibility (degree) of a pixel
belonging to them.

Similarly, [or describing amd interpreting ifl-defined structural informa-
tion in a pattern, it 1s natural to define primitives and relations among
them using lubels of fuzzy sets. For example, primitives mav be defined in
terms of arcs with varving  grades of membership from O w0 1. and
production rules of a grammar may be fuzzificd to account for the
fuzziness in physical relation among the primitives: thereby increasing the
generative power of a gramnar.

The incertitude in an image pattern may be explained in terms of
gravness ambiguity or spattal (geometrical) ambiguity or hoth. Gravness
ambiguity means “indefinitersess”™ in deciding a pixel as white or hlack.
Spatial ambiguaity refers to “imdeliniteness” in shape and geometry (e.g.. 1n
defining centroid, sharp cdge. perfeet focusing, etc) of a region. There is
another kind of uncertainty wkiich may arisce from the subjective judgement
of an operator in defining the grades of membership of the object regions,
This has been explained in Scction 4 in terms of uncertainty in member-
ship function.

32 UNCERTAINTY IN CONTR&MN., OPERATIONS

Let us now discuss the nature of uncertainty on control operations. For
this. we consider somic typical rules which a human operator (crewmar)
follow during the rendezvous vehicle control [6].

3

If the rendezvous vehicle™s orientation with respect to a desired pointing
vector to the target vehicle is cofose to the required orientation, then no
action is necessary.

If the onentation significaritly deviates from the required. then take
appropriate action to correct the problem.

If the measurement residual 1s smaff with respect to the expected value
as determined from pre-mission studies and the residual change is srmaf/
with respect to expected propagation error and noise in the scnsor for
setera! consccutive measurcements, then allow the Kalman filter to
process data.

Similarly, consider the rule mentioned in the previous section for camera
tracking problem:

[f the ohject (target) is fur-left, then rotate the camera to the lelt side.
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Note that the aforesaid control statements (rules) contain inexact (fuzzy)
va Tables or terms such as close, significantly, appropriate, small, far-left,
ser 'eral. During actual operations, these terms and the rules are interpreted
arm d exccuted by the crew based on their expericnce (expertise). Therefore,
it @srequired to model the crewman’s reasoning and commonsense thought
pr=xess in handling uncertaintics in decision-making tasks while designing
am Autonomous unmanned system.

1T SOME KLY FEATURES OF FUZZY LOGIC/FUZZY MODELS

Logic, according to Webster's dictionary, is the science of the normative
formal principles of reasoning. In this sense, fuzzy logic (based on the
thezory of fuzzy scts) is concerned with the formal principles of approxi-
mzalz reasoning, with precise (classical) reasoning viewed as a limiting case.
Urlike classical logic, it aims at modeling the imprecise (or inexact) modes
of reasoning and thought process (with linguistic variable) that play an
es=untial role in the remarkabic human ability to make rational decisions
in an environment of uncertainty and imprecision. This ability depends, in
turn. on our ability to infer an approximate answer to a question based on
a =tore of knowledge that is inexact. incomplete, or not totally reliabie {16].

For example. consider the rules described in Section 3.2 for orbital
operations. The reason why classical logical systems cannot cope with rules
of this type is as follows. First, they do not provide a system for represent-
ing= the meaning of propositions expressed in a natural language when the
meaning is impreeise, Second, in those cases in which the meaning can be
regrresented symbaolically in a meaning representation language (e.g., a
scrmantic network or a conceptual-dependency graph), there is no.mecha-
nism for inference.

Fuzzv logic addresses these problems in the following ways. First, the
me aning of a lexically imprecise proposition is represented as an elastic
carisiraint on a variable, Sccond, the answer to a query is deduced through
a rrropagation of elastic constraints [16).

“The role of fuzzy logic in space autonomy rescarch problems has been
adequately addressed in a scries of papers [5-12] where the human
caprability of common sense reasoning in decision-making tasks was mod-
eled and such models were integrated with expert systems and engineering
corttrol system tcchnology to create a system that performs comparably to
a manned system. A few of the applications along with their merits arc
bricfly outlined below for the convenience of readers.

L.et us consider, first of all, the problem of camera tracking of an object.
Me mbership functions for the range, horizontal and vertical positions are
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shown in Figure 4 and the membership functions for the scale factor, pan
and tilt rates are shown in Figure 5. The scale factor parameter is used as
an intermediate step and provides the desired flexibility of changing the
responsiveness of the fuzzy controller for pan and tilt rates.

The desired image location is the center [i.e., at location {85,85)] of the
viewing plane. If the current location is close to the center, then rotation
of the pointing axis is not required. If the location is to the left of center
then a left rotation is nccessary. Similarly, if the image is down from the
horizontal line then a downward rotation is required. These rotations are
determined using the position and range measurements and the rule base

RANGE PARAMETER

VFAR FAR NEAR VNEAR PROX

| I
200 185 175 150 135 115 100 85 65 50 20 10 0
feet

HORTZONTAL POSITION
FL LL CENTER LR FR

0 20 30 42 53 73 85 97 116 128 140 150 170
pixel count

YERTICAL POSITION
Fu LU CENTER LD FD

0 20 30 42 53 73 85 97 116 128 140 150 170
pixel count

KEY : VFAR - Very Far, VNEAR - Very Near, PROX - Proxomity zone
FL - Far Left, LL - Linle Lefi, LR - Little Right, FR - Far Right
FU - Far Up, LU - Linle Up, LD - Littde Down, FD - Far Down

Fig. 4. Membersbip functions for input parameters for camera tracking svstem.
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SCALE_FACTOR
HIGH ' MEDIUM Low

PAN AND TILT RATES
FN SN ZR SP FP

60 -5.0 =30 0.0 3.0 5.0 6.0
degrees per second

KEY : TN - Fasi Negative, SN - Slow Nepative, ZR - Zero,
FP - Fast Positive, S§P - Slow Posilive
Fre. 3 Membership Tunctions for seale factor and outpul parameters for camera

trachig sustem

4s shown in Table 1. First the range (distance from the target) measure-
ment i Tuzzified and the value of the scale factor is determined based on
(he scale factor rules. Necessary defuzzification processing is performed to
compute the erisp value of the scale factor. Then. the scale factor and l.hc
position measurements are provided to the next set of rules to dclcr.mmc
the rate at which the gimble drives should he rotated. For cxample, if the
distance (rapge) membership function is ven far or far then the sclzlle
factor is fow. 1 the scale lactor is fow and the horizontal position
membership Tunction is far-fefr then the pap rate menmhership function is
fust-necati e {Tahle 1)

There are 30 rules that determine both pan and tilt rates. Again, the
necessary defuzzification processing is performed to compute the crisp
values of the pan and tilt rates which can be sent to the gimble drives as
command values,

The camera is rotated hased on these eommands within the limits of its
gimble rates and angles. New line of sight measurcments in the camcera
FOV are obtained for the next evele and the processing is repeated. The
evele time is hased on the processing time required for the following
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TABLE 1
Rude 1% ase Tor the Tracking Task

Distance Membership Functions

VTAR FAR NEAR VNEAR PROX
Scale_ Faclor [LOW LOW MED HI1GH HIGH
Howrizontal Position Membership Functions
¥l [.LL CENTER L.R F
LLOW FN SN ZR Sr FP
Scule_ Faclor MED SN SN 7R 5P Sp
FHIGH =N FALS 7R R bk
Pan_ Rate Memhership Functions

Vesrtucal Position Membership Functions
E-D 1.13 CENTIEIR .U I
.LOW Fp 5P ZR SN FN
Scale _ Faclor MIED 5p 5P I ZR SN SN
HIGH 5P ZR ZR 7R SN
Tili_ Rate Membership Functions

Note: Negative Till _rate means the pointing axis going upward in FOV.

functions: (1) determining abject pixel positions, i) obtaining a range
mcasurement, (i) rotating thie gimble drives at a desired rate, and (iv) the
requirements to track the object within a certain performance envelope.
Typical cycle time ranges between 6.1 to 1.0 second.

This camera tracking svsle m will involve low power sensors as compared
to an active sensor system, ¢.g.. Radar in the Ku band range, or LADAR
using laser frequency. Typically, an active sensor radiates a power pulse
towards a target and receives back a reflected pulse. Based on the power
transmitted, power received and the time between these pulscs. parame-
ters like range and runge rate are calculated. On the other hand, the
camera tracking system docs not necd to radiate power. Since there is
alrcady a shortage of power. an important consumable, enboard the SSF,
availability of low power sensors s very important for continuous opera-
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ti=ons. The SST can afford to keep this type of a sensor working around the
¢l ock without having much impact on the power management or other
ceoymputational load on the main computers.

Similarly, in the case of docking and repair operation using reinforce-
mment learning, it has been shown that the fuzzy logic controller can
p==rform the same activities autonomously using sensor measurements as
irmputs. Fuzzy membership functions and the associated rule base [6, 7]
h=ive becn devcloped utilizing the same procedures used by the crew
dmuring mission operations. A fuzzy reinforcement learing method [17] has
heen developed at Ames Research Center (ARC) using the inverted
ps=ndulum. The fuzzy controller can be combined with the reinforcement
le= arning technique to give it a capability to learn real-time and improve its
p=rformance. With this capability, the fuzzy controller can adapt to a new
cewvironment and adjust its membership functions and /or rules 1o appro-
pwiately perform the tasks, given enough training instances.

Let us now consider the case of the Mars rover for sample collection. A
fLazzy logic approach to trajectory control has becn developed [10] which
a®l lows the rover to avoid these hazards during the sample collection
pwocess, The fuzzy trajectory controller receives the goal or target point
from the planner and uses X and Y position errors as well as orientation
{™¢aw) crror in the control system frame and commands tha rover in terms
o f steering angle and velocity. The fuzzy rule-base containing 112 rules for
tkae controller, has been designed to drive the rover towards the X-axis of
tiac control error frame. As the rover approaches this axis, the rover is
ceommanded to the correct orientation error and then slowly drives towards
thme target point.

The X and Y position error variables were modeled as a shouldered
mwacmbership set of five pieccwise lincar functions with a universe of
d ®ecourse ranging from — 104 to 100 metcrs. The orientation or yaw error
vairiable was modeled as an unshouldered membership set of seven func-
tiems with a universe of discoursc ranging from —18(° to 180° The
st cering variable was modcled as an unshouldered membership set of five
fuenctions with a universe of discourse ranging from —30° to 30°. Finalily,
thae velacity variable was modcled as an unshouldered membership set of
scven functions with a universe of discourse ranging from —5 to 5
nmcters /second.

Preliminary results have shown that the trajectory controller can reach
thue target position and attitude within 0.0005 meters on the x-error axis,
0.25 meters on the y-error axis, and .45 degrees yaw error. It is believed
thaat these aceuracies can be reduced by altering the membership function
sexts for the inputs and outputs. Further testing will facilitate the tailoring
o f the memhership functions to the fuzzy rule set.
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Whi-le the application of the theory of fuzzy logic and approximate
reasoning in control theory was in the process of development, there was
another important branch, called fuzzy image processing and pattern
recognition, that grew up in parallel based on the realization that many of
the basic concepts in pattern analysis, e.g., the concept of an edge or a
corner, do not lend themselves to precise definition. Or, a pattern may
belong to more than one class; the degree of belonging to the class being
characterized by a membership function,

If the gray levels in an image are scaled to lie in the range [0, 1], we can
regard the gray level of a pixel as its degree of membership in the set of
high-valued (**bright”) pixels. Thus, a gray scale image can be regarded as
a fuzzy set, and any “object,” skeleton,” or “contour” may be viewed as its
fuzzy subsets. Basic principles and operations of image processing and
recognition in the light of fuzzy set theory are available in [18].

As mentioned before, it is natural and also appropriate to avoid
committing ourselves to a specific hard decision (for segmentation/
thresholding and skelctonization) when the regions in an image are ill-
defined or fuzzy, and similarly to define primitives and relation among
them using labels of fuzzy sets for describing and interpreting ill-defined
structural information in a pattern (when the pattern indeterminacy is due
to inherent vagueness rather than randomness). There had been a great
deal of development of theory and uncertainty measures in this context
[19-25]. These consist of generalization of many standard geometric prop-
erties of and relations among regions in an image. and of the entropy
definition by extending them to the fuzzy case.

Such an c¢xtension, called fuzzy geometry [19, 21, 22], includes the
topological concept of connectedness, adjacency and surroundedness, con-
vexity, area, perimeter, compactness, height, width, length, breadth, index
of area coverage, major axis, minor axis, diameter, extent, elongatedness,
adjacency and degree of adjaccncy. These measures have been found to
reflect the spatial (geometrical) ambiguity of an image. Similarly, the
grayness ambiguity can be measured by index of fuzziness, fuzzy correla-
tion, higher order entropy and hybrid entropy of an image [23-25). These
parameters can be optimized with respect to a particular membership
function (S-type or m-type) in order to provide soft decision for image
description and analysis, and to obtain a desired fuzzy output, with its
binary {crisp) version viewed as its limiting case. '

Another generalization, called fuzzy medial axis transformation (FMAT),
has recently been made by Pal and Rosenfeld [26]. FMAT of an image
provides its pray skeleton which can be considered as its core (prototype)

version for the purpose of image matching. This can also be used for image
representation and reconstruction.
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Fusev logic and approximale reasoning has also been found to be
suceesslal in lormulating the tasks of knowledge acquisition and recogni-
tion [27. 28] where imprecise (c.g. missing feature, hnguistic feature, set
theoretic feature) imput data /statement has been guantified heuristically
(o assien e numerical value for its further processing. Since we are mainly
mierested here in addressmg the various ambiguities and their manage-
ment from the pattern recognition point of view. these tools along with
therr performance will be explained in detait in Sceetions 5 and 6.

4 UNCERTAINTY AND FLEXTBILITY IN
MEMBERSHIP FUNCTION

Trom the aforesmd discussion, it is seen that the theory of fuzzy scts has
promise in handling various encerlainties and ambiguitics to a reasonable
exlent in autonomous space research applications, Since this theory is a
seneralization ol (he classical set theory, it has greater flexibility to
caplure Taithfully the various aspects of incompleteness or imperfection
Moo deficienciesy in information of o sitaation. The flexibility of Tuzzy set
theory s associated with the clastictty propertly of the concepl ol its
membership Tunction. The grade of membership s o measure of the
compatiility of an ebjeet with the coneept represented by o fuzzy set. The
higher the salue of membership, the lesser will be the amount (or extent)
1o which the concept represented hy i set needs 1o be stretched o fit an
object.

Becaose the grade of membership is both subjective and dependent on
content. some difficulty of adjudging the membership value still remains.
In other words, the problem is how to assess the membership of an
clement to i set. This s an tssue where opinions vary, giving rise 1o
uncertaintios, Two operators, namely " Bound Fanctions™ [14] and “Spec-
trad Fuzzy Seis™ [13] have recenty been delined 10 analvze the Aexibility
and uneertainty in membership function evaluation. Fhese are explained

Jelow,
PE BOEND T NCHIONS

Consider. Tor example. @ Tuzey set 7wll” This s represented by an
S-tvpe Tunction which i a nendecreasing fanction of height. Now, the
(uestion is, can any such nondecreasing function be taken to represent the
above Tizzy set? Intntivedv, the answer ss " no.” Bounds for such an S-type
membership function g have reeently been reported by Murthy and Pal
[14] based on the properties ol fuzzy correlation [29]0 The correlation
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measure belween two memlsership functions w0, and g, refates the varia-
tion in their functional valuezs. The main propertics on which the correla-
tion was formulated arce as Fallows:

Pyo 0 for higher values «of u,. p, takes higher values and for lower
vibues of wy, w. also takess lower values, then Cf Mg

Por T6 oy T oand ps tothe n Clupus) >0,

P 10wy T oand p, Lo then Clpgopsd <0

[t denotes inereases and  § denotes deereases. ]

These propertics have further been explained in Section 5.1, It is to be
mentioned that 2, and 2y should not be considered in isolation of P
Had this been the case. one «an cite several examples when w, toand . t
but CCpy ) <Oand w1t 2ind w, § but Cluyops) > 00 Subsequently. the
types of membership functions which should preferably be avoided in
representing fuzzy seis are czitegorized with the help of correlation, Bound
functions /i and /i, are accordingly derived [1t] in order 1o restrict the
variation in the w lunction. They are

iy =4, <vge

=Y-—€ eyl (1)
ha(x) =x+e, Oyl —e

=], | -e<vgl (2

where €= 0.25. The bounds For membership function g are such that
i)y <ulx)<h,(x) for xe[0.1].

For x belonging 1o any arbitrary interval, the bound functions will he
changed proportionately. For iy sp<h,. Clh h) 20, Clh 10 =0 and
Clhry )2 0. The function ga lving in hetween 1, and A, does not have
most of its variation concent rated (i) in a very small interval, (i) towards
onc of the end points of the anterval under consideration. and Gii) towards
both the end points of the 1nterval under consideration. In other words,
the membership function p ©f a fuzzy set should not have. in any interval
of the domain, an abrupt chiinge from nonmembership to membership or
viee versa, because this can make the representation of 4 fuzzy sct crisp.
Figure 6 shows such bound functions. It is to be noted that Zadceh's
standard S function [I8. 30] =satisfics these bounds,
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Fig. 6. Bounds for $-type membership funclions.

The significance of the bound functions in sclecting an S-type {unction
p for image segmentation prohlem has been reported in detail in [31). Tt
has been shown that for detecting a minimum in the valley region of a
histogram, the window length w of the function g [0,w] — [0, 1] should be
less than the distance between two peaks around that valley region. The
ability to make the fuzzy set theoretic approach flexible and robust will be
demonstrated further in Section 5.3.

4.2 SPECTRAL FUZZY SETS

The concept of spectral fuzzy sets is used where, instcad of a single
unique membership function, a set of functions reflecting various opinions
on membership clements is available so that each membership grade is
attached to one of these functions. By giving due respect to all the
optnicns available for further processing, it reduces the difficulty (ambigu-
ity) in seclecting a single function. A spectral fuzzy subset F having n
supports 1s characterized by a sct or a hand (spectrum) of r membership
functions (reflecting r opinions) and may be represcnted as

F= U[U#;-(xj)/xfj’ X Ed (3)

i=1.2,...,r j=1,2,...,n.
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r, the .number of membership functions, may be called the cardinality of
the opinion set. x(x,) denotes the degree of belonging of x, to the the set
£ according to ith membership function. The various ;})ropenies and
operations related to it are available in [13].

The incertitude or ambiguity associated with this set is of twofold,
namg[y, ambiguity in assessing a membership value to an element (41) and
ambiguity in deciding whether an element can be considered to be a
member of the set or not (42). Obviously, d2 is related to a fuzzy set and
its functional nature is the same as H'! (Equation 7 with r=1). On the
other hand, d1 reflects the amount of disparity (disagreement) within
opinions because of the spectral nature. Regarding 41 it has been ob-
served that human beings do not find it very difficult to assign member-
ships to elements which either have very low or very high possibility of
belonging to that set. In other words, the difference in opinions is low for
those glements (supports) whose degree of inclusion or possibilities of
beI‘opgmg to a set is subjectively very low or very high. The variation in
optnion, on the other hand, is high for those supports whose degree of
belongingness is fairly medium. For example, consider a spectral fuzzy set
labelled “tall men” over the range 5 to 7 ft. The difference in opinions (or
difficulty in assessing a membership) as expressed would be high around 5
ft 5 inch as opposed to those around S or 7 ft. Similarly, if someone is
asked to bring a glass of water several times with the same glass, the
variation in the amount of water will be less compared to the case when
half a glass of water is asked for. Similar observations may be made when
the. task is performed by several people. It therefore appears that the
variation in membership function assignment is high for the elements
having fairly medium belongingness. Based on this concept, “Spectral
Index” @ is defined as [13}

9(F)=d,(F)znl)__je, f=1,2,....n (4)

6,

%[E % lub(x,) - up(x)]

=1 i=l+1

126,>0 (5)

where
r . .
S=1/~2(r_1) , if r is even (6a)
_ {r+1 o
Al/——zr ) , if ris odd {6b)
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ft provides, inoa global senseo @ quantitative measure of the average
difterences (or disagreement) of opinion. in assigning a membership value
10 sapporting clement.

The tdiskimilarits between the coneept of spectral fuzzy scts and thase
of the other taols such as prababilistic fuzzy sct, interval-valued fuzzy set.
fuszy set of type 20 or ultrafuzzy sct [32-36) (which have also considered
the difficulty in settling a definite degree of fuzzincss or ambiguity) has
been cxplained in {13} Fuzzy set of ype 2 is characterized by a fuzzy
membership function the grade of which is a fuzzy sct in the unit interval
[0.1] rather than a pointin [0, 1) A fuzzy set of type 7 15 also characterized
bv a1 step recursively defined ambiguity. An ultrafuzzy sct is a type 2 fuzzy
et which cypresses membership as fuzzy numbers e.g., “approximatcly
0.6, “close to 0.8.7 ¢te. In probabilistic set theory, a concept of probabilis-
tic measure space is introduced through a paramcter space which plays an
important role in dealing with ambiguity. The spectral fuzzy scts, on the
other hand. handles the aforesaid difficulty in scteling a membership value
or a degree of fuzziness by incorporating a collection of individual opinions
on it In olher words, it is characterized with a sct of membership functions
(where cach membership grade is attached 0 one ol the membership
junctions) rather than with set-valued membership grades (where the
wouree of membership grades is forgotten). The extent of opinion {specc-
trumd may be restricted by the bound functions cxplained kefore. Variance
of probabilistic sct is to some estent analogous 10 the measure o1 of the
spectral fuzzy el

The concept has been tound o be significantly usclul [13] in scgmenta-
Gion of ill-delined regions where the selection of a particular threshold
becomes questionable as far as its certainty is concerned. In other words,
questions may arise like, “where is the houndary™ or “what is the certainty
that a level 4osav is o boundary between objeet and background.™ The
Cpimions on these queries niay vary from individual to individual because
of the differences in opinion in assigning membership values to the various
levels. In handling (his uncertainty, the algorithm gives due respect (o
various opinions on membership of grav levels for objeet region, minimizes
the iminge ambigtity U =d 1+ d2) over the resulting band of membership
functions and then takes a soft decision by providing a sct of thresholds
Ginetead of a sipgled along with their certainty values. A hard (crisp)
decision vhviously corresponds o one with maximum o valuc, ie., the
Jevel al which opinions ditfer most,

I i 1o he noted that the results that would have been obtained by
considering the memberslup lunctions individually must not necessirily be
the same “as those obtained here, hecause the latler one nvolves i
Collective decision, Furthermore. the problems ol edge detection and
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skcleton cxtraction (where incertitude arises from ilt-defined regions and
varipus opinions on membership values), and any expert system tvpe
application (where differences in experts’ opinions lead to an uncertainty)
may also be similarly handled within this framework. )

5. IMAGE AMBIGUITY A ND UNCERTAINTY MEASURES

Let us explain in this secticin the various image information mceasures
(arising from both fuzziness @and randomness) and tools, and their rele-
vance for the management of uncertainty in different opcrations for its
processing /analysis. These aree classified mainly in two groups, namely.
grayness ambiguity /uncertainty and spatial ambiguity /uncertainty. )

5.1 GRAYNESS AMBIGUITY MEASURES

The definitions of some of the measures which are formulated recently
to represent grayness ambiguits in an image X with dimension M x N and
levels . (based on individual pixel as well as a collection of pixels) are
listed below,

rth Order Fuzzy Entropy

HO(XY = (= 1/k) T { sl ptoe(m(s)) + {1 = w(sH) Nog{l = u(57))})

.

s/ denotes the ith combination (sequence) of r pixels in X, & is the
nur_nbcr of such sequences. u(s)) denotes the degree to which the combi-
nation s;, as a wholc, possesses some image property u.

1
Hybrid Entropy

H, (X)y=-P logk, -Plogk, (8)

E = (L/MNY L Y mexp(l =, )

Lk N
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wwith

E, = (1/MN) 5 T (1 = s )expl i)

m "

m=1,2,.. M, n=1.2,...N.
1, denotes the degree of “whiteness” of the (m, n)th pixel. P, and P,
denote probability of occurrences of white (u,,, = 1) and black (u,,, =0)

pixels respectively. £, and E, denote the average likeliness (possibility) of
i nterpreting a pixel as white and black respectively.

Correlation

Clpypy)=1-4|2 Z[#lnln_#Zmn]Z:l/(X]+X2)

(9)
Clpy o) =1 if X,+X,=0
weith
X1=ZE{2“’IHM—]]2 (103)
X:= L L A2mam 1) (10b)
m=1.2,..M;, n=12,...N
i and po,,, denote the degree of possessing the properties u, and g,

respectively by the (monith pixel. CCpy, pa) denotes the correlation be-
tween two such properties o, and u, (defined over the same domain).
These cxpressions (Equations 7-10) are the versions extended to the two
dimensional image plane from those defined [23, 29] for a fuzzy setr
H'( X} gives a measurc of the average amount of difficulty in taking a
decision whether any subset of pixels of size r possesses an image property
or not. Note that, no probabilistic concept is neceded to define it. If r=1,
H(X) reduces to (nonnormalized) entropy as defined by De Luca and
Termini [37). H, (X). on the other hand, represents an amount of diffi-
culty in deciding whether a pixel possesses a certain property u,,, or not
bv making a prevision on its probability of occurrence. (It is assumed here
that the fuzziness occurs because of the transformation of the complete
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white (1) and black pixels (0) through a degradation process; thereby
modifying their values to lie in the intervals [0,0.5] and [0.5,1] respectively).
Therefore, if u,,, denotes the fuzzy set “object region,” then the amount
of ambiguity in deciding x,,, a member of object region is conveyed by the
term hybrid entropy depending on its probability of occurrence. In the
absence of fuzziness (i.e., with exact defuzzification of the gray pixels to
their respective black or white version), H, lreduces to the two state
classical entropy of Shannon, the states being black and white. Since a
fuzzy set is a generalized version of an ordinary set, the entropy of a fuzzy
set deserves to be a generalized version of classical entropy by taking into
account not only the fuzziness of the set but also the underlying probabil-
ity structure. In that respect, H, . can be regarded as a generalized entropy
such that classical entropy becomes its special case when fuzziness is
properly removed.

Note that the Equations (7) and (8) are defined using the concept of
logarithmic gain function. Similar expressions using exponential gain func-
tion, i.e., defining the entropy of an n-state system as [38, 39]

H=Y.pe' ™7  i=12..n (11)

are available in (23]

All these terms, which give an idea of “indefiniteness” or fuzziness of
an image may be regarded as the measures of average intrinsic informa-
tion which is received when one has to make a decision (as in pattern

analysis) in order to classify the ensembles of patterns described by a fuzzy
set.

H'(X) has the following properties:

Pr 1. H' attains a maximum if g;= 0.5 for all /.

Pr 2: H" attains a minimum if x, =0 or 1 for all ..

Pr 3: H > H*', where H* is the rth order entropy of a sharpened
version of the fuzzy set (or an image).

Pr 4: H’" is, in general, not equal to H', where H' is the rth order
entropy of the complement set.

PrS5. H <H'"' when all g, €[05,1).

H 2 H™" when all u, €[0,0.5].

The ‘sharpened’ or ‘intensified’ version of X is such that

ru'x*(’rmn) ? lu':r(xmr.') l'f -u'r(xrnn) 205
and (12)

Mx*(‘rnin)g#r(‘rrnn) If ‘u'r(xmn)'go'S
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When - 1 the property 22 4 is vahd only withy the ."CL]lIil|” .\Iglj. The
properts Pro5 twhich does ot arise lor r=1) :mpl_lcs that ff7 s i
monatoncallv nominereasing funcuon ol # for u, € [, 0.5 and & monotoni-
catl nondecreasmg function of ¢ for g, €103, L] (when the “min™ operator
has been used 1o get the group membership value). .

When all g, values are the same, HUX)= (X y=-=H(X) Thlﬁ
i becse of the fact that the dilficulty in taking a decision regarding
possession of o property onoan individual is the same as that of a group
wlected therelrom. The value ol 7 would, of course, be dependent on
the e, vidues, .

Apain, the higher the similarity among singletons (supports) the qulc'kcr
i the converoenee to the limiting value of 777 Based on this abservation.
anindex nl'b\imih\ril_v ol supporls ol o fuzzy sct may be dcfin.cd as
S0 0 twhen [T =00 0 i also zero and S s taken as b Obviously,
when e, =§0.5.1] and the nun operator is used 1o assign [h}" .(Icgrcc of
possession of the property by a collection of supports. S will Lie in [0.1] as
[0tV Simitarly, when g, €[0.0.5) 8 may be defined as /777117 50
that S lies in {0 1). The higher the value of S the more alike (.\il’l]lhll’)’ ire
the supporis of the fuzzy sel with respect to the fusyy property w. This
mdey al sinndarits can therefore be regarded s a measure of the degree to
wiueh the members of a fuzzy set are alike,

Theretore, the value al first order fuszy entropy £17) can only indicate
whether the luzziness in a set s low or high, In addition to this, the vilue
ol 1470~ 1 alse enables one o nfer whether the fuzey sel contains similar
aipports {or clements) or not. The similarity index thus dcl'in.cd‘c:ln be
cucceseinllv used for measuring interclass and intraclass ambigaity (e
Class homogencity and contrast) in pattern recognition angd image process-
g problems. . .

JECA Y s repmnded as o aomeasure of the average amount ol information
Gibout the prey lesels of pixels) which has been lost by transforming lljc
classical |‘I.lElL‘I:I1 (wvo-tone) into o Tuzzy (gray) pattern XL Furthcr' dc[;n.l.\'
on this measare with respect o image processing problems are availuble in
[15 10, A1) §uis o be noted thae Jf "NV reduces 1o zero whenever Fn 1
made U or 1o all Goond, no maticr whether the resulting (JCI'uzziI'ic;'.lm_n
(or transforming process) is correet or not. I the following discussion, it
will be clear how /7, tiakes care ol this situation,

[l ue now diseuss some ol the properties of /£, (X In the absence of
fussiness swhen MNP, pieds become completely black (e, =) and
MNP piels hecome completely white (o Dothen Fo=P00 B, =P,
and H1, L Doy down Lo the two sl clissical entropy

1= = Pog P~ Plop Py (13)
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the states being black and white. Thus, 4, reduces to 1/ onlv when o
proper defuzzification process os applicd to detect (restare) the pixels.
[, — 1} can theretore be treated as an objective function for enhance-
ment and noise reduction. The Jower the difference. the lesser s the
fuzziness associated with thie individual symbol and the higher will be the
accuracy in classifving them as their original value (white or black). {This
property is lacking with the £ '( X)) measure which always reduces to zero
irrespective of the detuzzification process) In other words, |11, — 11}
represents an amount ol information that was lost by transforming o
two-tone image o priay tone,

For a given 20 and /) (P +P =80« . <) of all possible
defuzzifications. the proper defuzzification of the image is the one for
which {f,, is minimum.

o, =5 forail (m.on) then £, = £,

and 1, = —log(0.5exp0.5) (1)

e, takes o constant value and becomes independent of 2, and £,
This s Togical in the sense that the machine is unable to make o decision
on the pixels since all u values arc {15

Let us now consider the mcasure correlation CC gyl ) of Equation (499,
This has the Tollowing propertics.,

rernt

(o) 11 for higher vidues of o Cx)o wala) takes higher values and the
converse s also true then CC @ g2 must be very high,

(b) If with increase of x_ both w, and us increase then Cluy ) > (1

(c) T with increase of v g increases and u, decreases or vice versa
then CC eyl pa) <0, |

(d) Clpype)=1

) COpy )zl )

(N Clpy = d=—1,

() COppipa)=Clpa )

(hy =1l puds |

() Clpopua)=—C0l =gy pws)

() Clpyopy) =CO = gy | — )

Corrclation of an image indicates the characteristics of relative varia-
tion between its two properties w and g, Based on these characteristics.
hound functions are defined as shown in Scction 1.1 If one of these
properties is considered to be the nearest crisp (two tone) property of the
other {say. gy =11l w,>05 and p, =010 w1, £0.5) then Clp.ps) lies in
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[0. 8] In other words, if p, denotes a bright image plane of an image X
hawving cross-over point at s, say, and is dependent only on gray level, then
i, Tepresents its closest two tone version thresholded at s. Therefore, by
varying s of the u, plane, an optimum version of g, (i.e., optimum fuzzy
segmented version of the image) can be obtained for which correlation is
maximum. Various segmentation algorithms based on transitional correla-
tiom and within class correlation have been derived [42} using the cooceur-
rersce matrix.

52 SPATIAL AMBIGUITY MEASURES BASED ON FUZZY GEOMETRY
OF TMAGE

Many of the basic geomctric properties of and relationships among
regzions have heen generalized to fuzzy subscts. Some of these geometrical
propertics of a fuzzy digital image subsct (characterized by piece-wise
comstant membership function uy(x, ) or simply u} as defined by
Rowsenfeld [19], and Pal and Ghosh [21. 22] are listed below with illustra-
ticens. These may he viewed as providing measures of ambiguity in geome-
try (spatial demain) of an image.

Compactness
()
)= B 15
P Y ()
where

al Y= u (16)
plu)y= 20 lpli) —pn( HIACL S K (17)

£of0A

al w) denotes arca of p. p( ), the perimeter of u, is just the weighted sum
of the lengths of the ares AL f, &) along which the region u(i) and wu(j)
meccet, weighted by the absolute difference of these values. Physically,
compactness means the fraction of maximum arca (that can be encircled
bwv the perimeter) actually occupied by the object [19]. In the nonfuzzy
case, the value of compactness is maximum for a circle and is equal to
m/4. In the case of the fuzzy disc, where the membership value is only
dependent on its distance from the center, this compactness value is
= /4. Of all possible fuzzy discs compactness 1s therefore minimum for
its crisp version.
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ExaMPLE 1. Let u be of the form

02 04 03
02 07 06
06 05 06

Then area a( )=4.1, perimeter p( u)=2.3 and comp{ p) =0.775.

Height and Width

h(p) =2 max fLy,, (18)
and w(p)=Y max 4, (19)

So. height /width of a digital picture is the sum of the maximum member-
ship values of each row /column [19]. For the fuzzy subset p of Example 1,

}luzight is A p)=04+0.7+0.6=1.7 and width is wpl=06+07+06=
e j

Length and Breadih

i(p)=mmax(§:p,,,,,) (20)

and
B )= me();#m) (21)

The length /breadth of an image fuzzy subset gives its longest expansion in
the column /row direction [21]. If 4 is crisp, w,, =0 or 1; then length/
breadth is the maximum number of pixels in a column /row. Comparing
Equations (20) and (21) with (18) and (19) we notice that the length/
brea.dth takes the summation of the entries in a column /row first and then
maximizes over different column/rows, whereas the height /width maxi-
mizes first the entries in a column/row and then sums over different
columns/rows. For the fuzzy subset g in example 1, /(n)=04+0.7+05
=1.6 and breadth is H( ) =0.6+05+0.6=1.7.
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fidev of Urea Coverage

. al )
TOAC] ) = W (22)

In tihe nonfuza case, the TOAC has value of | for a rectangle (placed
along the aves of measurement) [21) For a circle this value is wrs/(2r%2r)
- 274, TOAC of a fuzzy image represents the fraction (which may be
improper alsol of the maximum arca {that can be covered by the length
and breadih of the image) actually covered by the image.

For the fuzzy subset g of Example 1. the maximum arca that can be
conered by its length and breadih is £.6x 1.7 =2.72 whereas, the actual
arca is 41 so the TOAC — 4.1 /2.72=1.51. Note the difference between
TOACC ) and compl ). Again, note the following relationships

XY /h(X) < | (23a)
hN) /(X)) <] (23b)

When equality holds for (23a) or (23b). the object is cither vertically or
horizontally ariented.

Vajor . s Find the length of the object. Now ratate the axes through
an angle @, ¢ varving between (07 and 907 The angle for which length is
mavinmum is said e be the angle of inclination of the ohject (with the
vertical). The corresponding anis along which the length is maximum s
siid 1o be the major anis. The length along the major axis denotes the
evpansion of the object [22].

Mo tus: The axis perpendicular to major axis, for which breadth is
manimum, s defined as the minor axis of the object [22],

Center ol Crarin: The conter ol gravity (C.GY of an object can be
defined in various wavs [221 Twao such definitions are given here.

() C.G ol an ohject can he defined as the point of intersection of the
major and Lthe minor axes,

() Take anv pivel as the center, Take a neighborhood of radius r. Find
the enerey (arca) of the circle. Now shift the center of the circle over all
the pisels of the object. The center for which the energy ts maximum is
delined as the C.GLI there is any tie then inercase the radius and obtain
the C.Cr -
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For the fuzzy subset w of Example 1, length is #{ «)= 1.6 and breadth is
b( )= 1.7, Now, if we rotate the object by 45° then its length is /() = 0.6
+0.7+0.6=109.

Hence the object is inclinec] at an angle of 45° with vertical axis. So by
major axis of this image we mean the axis inclined at an angle of 45° with
the vertical. Similarly the minor axis of this object 1s inclined at an angle of
45° with horizontal. Trivially the C.G of this ohject is through the pixel
having membership 0.7,

Density

N
d( p) =2 uli)/N (24)

1=1

N denotes the number of supports of p (e, summation is taken over
pixels for which u is nonzero). The maximum value of density is 1. and this
value occurs only for a nonfuzzy case. Densily can be used for finding the
C.G of an image. If we break the image into different regions then the
region having the maximum density may be regarded as contaiming the
C.G.

Degree of Adjaceney: The degree to which two regions § and T of an
image arc adjacent is defined ais [22]:

. | ]
S.7)= . .
“ ) p?%ts- L+lp(p)—r(g)l 1+d(p) {25)

Here d(p) is the shortest distaince between poand ¢, ¢ i1s a border pixel
(BP)of T and p is a border pixel of §. The other symbols have the same
meaning as in the previous discussion.

The degree of adjacency of two regions is maximum (= 1) only when
they are physically adjacent i.e., d(p)=0 and their membership values are
also cqual ie.. u(p)=rig). If two regions are physically adjacent then
their degree of adjacency is determined only by the difference of their
membecrship values. Similarly, if the membership values of two regions are
cqual their degree of adjacency is determined by their physical distance
only. The rcaders may note the difference between Equation (25) and the
adjacency definition given by Rosenfeld [19].
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ExAMPLE 2. Let us consider a scene having two regioas (Figures 7A-7C).
The gray levels of the regions in Figures 7A and 7B are identical but the
regions in Figure 7B closer to cach other compared to that in Figure 7A,
Sa the degree of adjacency of the regions in Figure 7B should be more
than that in Figure 7A. In Figures 7B and 7C the relative positions of the
regions are the same, but the difference of gray levels of the border pixels
in Figure 7B is more than that in Figure 7C. So from intuition, we would
expect the degree of adjacency of the regions in Figure 7C to be more than
that in Figurc 7B.

The a($,7) values computed with Equation (20} are 0.062, 0.143 and
0.189 for Figures 7A, 7B, and 7C, respectively. So, the results agree well
with our intuition.

S.30 SOME EXAMPLES ON FUZZY IMAGE PROCESSING OPERATIONS

In this section, we describe some algorithms to show how the aforesaid
information measures and geometrical propertics (which reflect grayness
ambiguity and spatial ambiguity in an image) can be incorporated in
handling uncertainties in various operations, e.g., gray level thresholding,
cnhancement. contour detection, and skeletomization by avoiding hard
decisions and providing output in both fuzzy and nonfuzzy (as a special
case) versions, It is to he noted that these low level operations (particularly
image scgmentation and object extraction) play a major role in an image
recognition svstem. As mentioned before (in Section 3.1), any error made
in this process might propagate to feature extraction and classification.

Threshald Sclection (Fuzzy Segmentation)

Given an L level image X of dimension M XN with minimum and
maximum gray values /. and /. respectively, the algorithm for its
fuzzy secgmentation into object and background may be described as
follows:

Step 1. Construct the membership plane using Zaden's S function [18,
30} as

b = (7} = $(/5a.b,¢) (26)

(called bright image planc if the object regions possess higher gray values)
T

Jumn = tu'(/) = 1 *S(/;a.h,c) (27)
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9GKPSTVPNGDCT8
9GJKSTVTVJICABS
96HJOVUMTRPHAS
GAINSUVMKGA9TSR
9GHKMSTVRPHCAS

AS49HKOTTSNKGCS
AFGKLPSUTPMJGFS
AFSHSTVUJHCA998
ADEGKOVSSJDA98S
AAHKRTMJFAB9876
ABJOSTTVUSKFGAS
AAGHKUVRMHFCS68

{a}

9GKPSTVYPNGDCT8
9GJKSTVTVICABS
96HJOVUMTRPHAS
SAJINSUVMKGASTS
9GHKMSTVRPHCAS

AS49HKOTTSNKGCE
AFGKLPSUTPMJGFS8
AFSHSTVUJHCA998
ADEGKOVSS.JDA9SS
AAHKRTMJFAB9876
ABJOSTTVUSKFGASB
AAGHKUVRMHFCO68

{by

9GKPSTVPNGOC78
9GJKSTVTVJICABRS
96HJOVUMTRPHAR
9AJNSUVMKGA978
GHKPTSTMKFDCAB

ASA9HKOTTSNKGCS
AFGKLPSUTPMJGF8
AFSHSTVUJHCA998
ADEGKOVSSJDAGS B
AAHKRTMJIFA89876
ABJOSTTVUSKFGAS
AAGHKUVRMHFC968

(c)

33

Fig. 7. (a_) A scene with two regions. (b) Scene same as in A, but the relative positions
of the regions are different. (¢) Scene same as in B, but the gray levels of the border
pixels of one region are different.
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teatled dork image plane il the object regions possess lower gray valueshwith BIPLANE
cross-over point-foand a band width Ab=h—a=c b

Srep 2. Compute the paramcter /(X)) where (X)) represents either
aravness ambiguity or spatial ambiguity (as designated by H' correlation,
compactness, TOAC and adjacency. say) or bath (e, product of grayness
and spatial ambiguities).

Step 3. Vary b between /- and /0 and sclect those b for which
) has local minima or maxima depending on /X)) (Maxima corre-
pond Tor the correlation measure only.) Among the local minima/
manimit, let the global one have cross-over point at 5.

The level s. therefore. denotes the cross over point of the fuzzy image
plane w,,,. which has minimum griyness and /or geometrical ambiguity.
The p,,, planc then ean be viewed as a fuzzy segmented version of the
image X For the purpose of nonfuzzy segmentation. we can take s as the
threshold oy boundiry) Tor elassifving or segmenting an image into object
and background. The faster methods of computation of the fuzzy parame-
(ers are explained in {22].

Histogram of RBiPlane

Aty

LEGEND

s 15 w07 im0 % 20 a2 7 34 15 Pe 77 18 70 g0 ull l] I l|I||| I
FIRRREERNENNONNENN sl
&] 0 ! N
{

4) h)

Note that we considered Zadeh's standard § function in the above sl DDDDD@E{ B
aleorithm to represeat the fuzzy set “bright image plane,” and w=215h is DDD L
the dength of the window (such that [0.w] = [0, 1]) which was shifted over
the entire dvnamic range. As we decreases, the plx,, ) plane tends to have
more intensificd contrast around the cross-over point. thus resulting in a
degrease of ambiguity in XL As a result, the possibilny of detecting some
undesirable thresholds (spurious minima) increases because of the smaller
vilue of Ah. On the other hand, an increase in w results in a higher value
ol Tuzziness and thus leads towards the possibility of losing some of the
weak minima,

The critena regarding the selection of membership functions and the
leneth of window (e w) have been reported recently by Murthy and Pal
[21] assuming continuous functions for bath histogram and membership
function. For a fuzzy set “bright image plane,” the membership function
o] s [0 1] should be such that

Fig. 8. (@) Biplanc wmage. (b) Histogram ol biplane image.

and /or asymmetric functions as expressed by Equations 29 and 30) lving
within the bound functions i1l and /12 (Figure 6) are used. It has also been
shown that for detecting a mEnimum in the valley region of a histogram,
the window length e of the g function should be less than the distance
between two peaks around that valley region. This proves the flexibility of
the approach.

If, instead of a single membership function. we have a set of manotoni-
cally nondecreasing functions to represent a collection of various opinions
on the bright membership plame w, (r ) and we wish to give due respect
to all of these opintons, then we can use the concept of spectral fuzry sets

(1 is continuous, gD = 0, (i) = | (Section 4.2) to minimize the parameter “spectral index™ (Equation 4) in
(i) g is monotonically non-decreasing, and addition to onc of those represented by /(X)) to manage this uncertainty.
Git) )= 1 el = ) Tor all v & [00w], Consequently, we will make a soft decision by providing a sct of thresholds

associated with their respectiver certainty values.
Let the various opinions on membership function representing the
bright image plane be denoted as

Farthermore, g should satisly the bound criterta derived based on the
correlation (Section 41} For example, consider a 32 level image of «
hiptane (Figure 8) of dimension 64> 064 along with its histogram. Tt has
been shown thalt the resulting thresholds are always satisfactory (lying w (X, )= ()
approvimately in the range 10-15 [31]) when any monotonically nonde-
creasing functions (e.p., different forms (orders) of svmmetric funclions =[(S(7ah ) () e ) A=0.1.2..... L1 (28)
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where
g(£)=((£=a)/(c~a))" (29)
and
g()=1=(L=(/~a)/(c~a)) (30)

/" denotes the gray level value of x,,,. B8 and y are positive constants and
they control the height and width (i.e., spectrum) of ., plane. Then the
cets of thresholds {s} obtained along with their certainty values d(s) are
shown in Table 2 for three different sets of membership functions contain-
ing six, seven and eight opinions. The results correspond 1o Ab=4. Note
that the d(s) values shown are not normalized. The set of thresholds
abtained here for different sets of 8 and vy is same, but with differcnt
orders of certainty values depending on difference in opinions. The thresh-
olds. as scen from the histogram, are intuitively appealing. If one is
interested in having a nonfuzzy single threshold, he can select the one with
highest d(s) valuc because it has the most disagreement in opinion as far
as its belonging 10 either the object or background is concerned.

Lct us now describe another way of extracting an object by minimizing
higher order entropy (Equation 7) of both object and background regions
using an inverse m function as shown by the solid line in the Figure 9.
Unlike the previous algorithm, the membership function does not need
any paramelter sclection to control the output.

Suppose s is the assumed threshold so that the gray level ranges (1, 5]
and [s + 1. L] denote, respectively, the object and background of the image
X. The inverse m-type function to obtain u,,, values of X is generated by

TABLE 2
Soft Thresholds for Biplane Extraction

B=10.20230 B=1.02073035 p=10,20203540
v=15.20 y=15,2.0 v=15,20

{5} d(s) {s} dis) {s) d(s)

il 1.73 Il 1.77 11 1.79

12 1.98 12 207 12 2.13

13 .66 13 1.85 13 2.01

14 .42 14 1.79 14 2.10
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taking union of S(x;{(s—~(L —s)),s, L) and 1 —5(x;1,s,(5+5— 1)), where
§ denotes the standard § function defined by Zadeh. The resulting
function as shown by the solid line, makes w« lie in {0.5.1]. Because the
ambiguity (difficulty) in deciding a level as a member of the object or the
background is maximum for the boundary level s, it has been assigned a
membership value of 0.5 (i.e., cross-over point). Ambiguity decreases (i.e.,
degree of belongingness to either object or background increases) as the
gray value moves away from s on either side. The n,, thus obtained
denotes the degree of belongingness of a pixel x,,. to either object or
background. Since s is not necessarily the mid point of the entire gray
scale, the membership function (solid line of Figure 9) may not be a
symmetric one. [t is further to be noted that one may use any linear or
noniinear equation (instcad of Zadeh’s standard S function) to represent
the membership function in Figure 9.

Therefore, the task of object extraction is to

Step . Compute the rth order fuzzy entropy of the object H/, and the
background Hj considering only the spatially adjacent sequences of pixels
present within the objeet and background respectively. Use the ‘min’
operator to get the membership value of a sequence of pixels.

Step 2. Compute the total rth order fuzzy entropy of the partitioned
image as

HI=H+Hj.

Step 3. Minimize H with respect to 5 to get the threshold for object
background classification.

0 s .

Fig. 9. lnverse 7 function (solid line) for computing object and background entropy.
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Relerring back to the Scetion 5.1, we have seen that H* reflects the
homogeneity among the supports in a sct, in a better way than H' does.
The higher the value of r, the stronger is the validity of this fact. Thus,
considering the problem of object-background classification, H* seems to
be more sensitive (as r increascs) to the selection of the appropriate
threshold: i.e.. the improper selection of the threshold is more strongly
reflected by H7 than 7', For example, the thresholds obtained by the
/1* measure has more validity than those by H' (which only takes into
account the histogram information}. Similar arguments hold good for even
higher order {r > 2) entropy.

The methods of object extraction (or segmentation) we described above
arc all based on gray level thresholding. Another way of doing this task is
by pixel classification. The details on this technique using fuzzy c-means,
luzzy isadata. fuzzy dvnamic clustering, and fuzzy relaxation are available
in [18, 24, 43-49].

Covntonr Detection

Edge detection is also an image segmentation technique where the
contours /boundaries of various regions are extracted based on the detec-
tion of discontinuity in gravness. The key lactors of this approach arc as
follows: (1) most of the information of an image lies on the boundaries
hetween dilferent regions where there is o more or less abrupt change in
erav levels. and (i) the human visual systems scem to make use of edge
detection. but not of thresholding.

To formulate a fuzzy edge detection algorithm, let us describe an
edginess measure based on /f' (Equation 7) which denotes an amount of
difficulty in deciding whether a pixel can be called an edge or not. Let N,
be a 323 neighborhood ol a pixel at (x, v) such that

N vy Fovy dvr vy vy =0y (eov+ 1) (v—=1, v~ 1),

(vl ek v =1) (vl v+ 1)) (31)

Phe educ-entropy, H! L of the pivel Ceov), giving o measure of edginess at

o) may be computed as Tollows, For every pixel (v, v) compute the
average. masimum and minimum vilues of gray levels over N, Let us
denote the nerage. nuximum and minimum values by Avp, Max, Min
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respectively. Now define the following parameters.

D = max{Mlax — Avg, Avg — Min) (32)
B=Avg ' (33)
A=B—-D (34)
C=B+D (35)

A m-type membership function (Figure 10) is then used to compute u,, for
all (x,y)EN;, such that w(A)=pu(C)=0.5 and w(B)=1. It is to be
noted that w,,>0.5. Such a w, , therefore, gives the degree to which a
gray level is close to the average wvalue computed over N2 .. In other words,
it represents a fuzzy set “pixel intensity close to its average value,”
averaged over N, . When all pixel values over N}, are either equal or
close to caech other (i.c., they are within the same région), such a transfor-
mation will make all . =1 or close to 1. In other words, if there is no
edge. pixel values will be close to each other and the w« vatues will be close
to onc (1): thus resulting in a low value of H'. On the other hand. if there
is an cdge (dissimilarity in gray values over M), then the w values will be
more away from unity; thus resulting in a high value of #H' Therefore, the
entropy H' over N can be viewed as a measure of edginess (H! ) at the
point (x, y). The higher the value of HE | the stronger is the edge intensity
and the casier is its detection. Such an entropy plane will represent the
fuzzy edge detected version of the image. As mentioned before, there
are scveral ways in which one can define a m-type function as shown in

Figurc 10
]
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Fig. 10. s Function for computing edge entropy.
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The proposed cntropic measure is less sensitive o noise because of
the use of a dynamic membership function based on a local neighborhood.
The method is also not sensitive to the direction of edges. Other edgi-
ness measures and algorithms based on fuzzy set theory are available in
[18, 50-52].

Optimal Enhiancerenr Operator Selection

When an image is processed for visual interpretation, it is ultimately up
to the viewers to judge its quality for a specific application and how well a
particular method works. The process of evaluation of image quality
therefore becomes subjective which makes the definition of a well proc-
essed image an elusive standard for comparison of algorithm performance.
Again, it s customary to have an iterative process with human interaction
in order to sclect an appropriate operator for obtaining such a desired
processed output. For example, consider the case of contrast enhancement
using a nonlincar functional mapping. Not every kind of nonlinear func-
ton will produce a desired (meaningful) enhanced version. The questions
that automatically arise arc as follows. Given an arbitrary image which
tvpe of nonlincar functional form witl be best suited without prior knowl-
cdge on image statistics (e.g., in rcmote applications like space au-
tonomous operations where frequent human interaction is not possible}
for highlighting its object? Knowing the enhancement function how can
one quantifv the cnhancement quality for obtaiming the optimal one?
Regarding the first question, cven if we arc given the image statistics, it is
possible anly to cstimate approximately the function required for enhance-
ment and the selection of the cxact functional form still needs human
intcraction in an iterative process. The second question, on the other
hand, nceds individual judgment. which makes the optimum decision
subjective.

The method of optimization of the fuzzy geometrical properties and
entropy has been found recently [53] to be suecessful in providing quantita-
tive indices in order to avoid such human iterative interaction in sclecting
an appropriate nonlincar function and to make the task of subjective
cvaluation objeetive.

Pz Skeleton Extraction and 1°MAT

l.et us now explain two methods for extracting the fuzzy skeleton of an
object from a gray tone image without getting involved into its (questiona-
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ble) hard thresholding. The first one is based on minimization of the
parameter IOAC (Equation 22) or compactness (Equation 15) with respect
to a-cuts over a fuzzy “core line” (or skeleton) ptane. The membership
value of a pixel to the core line plane depends on its property of possessing
maximum intensity, and property of occupying vertically and horizontally
middle positions from the e-edges (pixels beyond which the membership
value in the fuzzy segmented image becomes less than or equal to €, € > 0)
of the object [54]. If a nonfuzzy (or crisp) single pixel width skeleton is
deserved, it can be oblained by a contour tracing algorithm [55] which
takes into account the direction of contour. Note that the original image
cannot be reconstructed, like the other conventional techniques of gray
skeleton extraction [48, 56—58], from the fuzzy skeleton obtained here.

The second method is based on fuzzy medial axis transformation
(FMAT) as defined by Pal and Rosenfeld (26) using the concept of fuzzy
disks. A fuzzy disk with center P is a fuzzy set in which membership
depends only on the distance from P. For any fuzzy set f, there is a
maximal fuzzy disk gf <[ centered at every point P, and f is the sup of
the gf’s. (Morcover, if [ is fuzzy convex, so is every g4, but not conversely.)
We call a set 5, of points f-sufficient if every g/ <g/ for some set of  in
S;; evidently f is then the sup of the gé’s. In particular, in a digital image,
the set of Q’s at which g/ is a (nonstrict) local maximum is f-sufficient.
This set is called the fuzzy medial axis of f, and the set of gé's is called the
fuzzy medial axis transformation (FMAT) of f. These definitions evidently
reduce to the standard one if f is a crisp set.

For a gray tone image X (denoting the nonnormalized fuzzy “bright
image” plane), the FMAT algorithm computes, first of all, various fuzzy
disks centered at the pixels and then retains a few (as small as possible) of
them, as designated by 8p'S, 50 that their union can represent the entire
image X. That is, the pixel value at any peint ¢ can be obtained from such
union operation, as / has membership value equal to its own gray value
(i.e, equal to its nonnormalized membership value to the bright image
plane) to one of those retained disks.

For cxample, consider a 5x5 image X as shown in Figure 11. The
lower left pixel of intensity 4 has coordinate (1, 1), Fuzzy disks (upright
square of odd stde length) for all the border pixels have values {5,0} except
the one at position (1. 1) for which g, =(4,0}. The pixcls having intensity 6
have disk values of {6,5,0) except the one at (2,2) for which it is {(6,4,0).
The center pixel has g,=(7,6,4}). In these sets of disk values, the first
entry denotes the nonnormalized membership value of the pixel itself to
that disk (i.e., membership value of the disk at r=0). The consecutive
entries denote similarly the memberships at r=1,2,.... The pixels consti-
tuting the fuzzy medial axis are marked bold. (Note that if we had the pixel
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Vig. 11 A 3% 5 digital image. Pixels belonging o (uzzy medial axis (FMA) are marked
hold, Pixels helonging to reduced fuzzy medial avis (RFMAY are underlined.

intensity 4 of X replaced by S the FMAT would have been reduced to
onbv one disk with g4, = {7.6.5}.

Th order Lo restore the deleted pixels, simply put all the disk values of
1MA pivels at those locations back. Tecase a location has more than one
such vidues, selewt the largest one.

1t i 1o he noted that the above representition is redundant e some
more diske can further be deleted without affecting the reconstruction.
The redundaney in pixels (fuzzy disks) from the fuzzy medhal axis outpul

can he reduced by considering the criterion gy ssup gh (=12
inwcad of ght) <gltn In other words, climinate many other gz’ for
. f

which there exists aset of gf,'s whose siep is greater than or cqual to gh.
For example. the point at location (3.4) in Figure T1 can be removed
heeause it is contained in the unien of the fuzzy disks around (3.3) and
() (or () e g <suplge e £ o) (00 <suplge g Gy ) for all
pixels in X Similar is the case with the pixel at location (4.3) which can
alwo be removed, The pixels representing the final reduced MA are
underlined in Figure 11, Let REMAT denote the FMAT alter reducing its
redundancy.

To demonstrate its applicability on a reasl image we consider Figure 12A
as input. Figure 12B denotes s RFMAT output. Therefore, the fuzzy
medial axis provides a good skeleton of the darker Chigher intensity) pixels
in an image apart from its exact representation. TS Lo be mentioned here
that such a representation may not he cconomical in a practical situation.
The detaile on this feature and the possible approximation in osder (o
mahe it practically Teasible are available in [59].
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Fig. 120 A 3660 087 image. B REFMAT output of "S™ image.

.I.\lulc that the membership values of the disks contain the information
of image statistics. For example, if the image is smooth the disk will not
have abrupt change in its values, On the other hand. it will have abrupt
change in case the image has salt and pepper noise or cdginess. The

ety e
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eoncept of fuzzy MAT can therefore be used as spatial {iliering (both high
gass and low pass) of an image by manipulating the disk values to the
exlent of desire and then putting them back while reconstructing the
porocessed image. Automatic manipulation (modification) of disk values can
further be guided by entropy H'V (as described by Equation 36) of a one
elimensional string.

=Jd  MEASURES BASED ON CLASSICAL IMAGE ENTROPY AND GRAY
# LV STATISTICS

Let us now discuss some of the image entropy measures that provide
=arious image information and uncertainty in scene analysis based on the
grobability of cooccurrences of pixels in an image. These measurcs do not
snvolve the concept of fuzzy set theory rather, they use the gray level
=tatistics computed from histogram and cooccurrence matrix.

qeh Order Image Entropy

H=(=1/q) Lp(s)log,p(s,) (36)

=sshere pls)) s the probability of a scquence s, of gray levels of length g,
and summation is taken over all gray level sequences of length g. H%) is a
monatonic deereasing function of g and

fim f%' = H  \he entropy of the image.

¢ o+

If ¢ - 1 i sequence of length 1, p, heconies the probability of occurrence
of the level i, 7", which is a function of histogram only, may be called
global entropy of the image. For ¢=2, p,, represcents the probability of
cooccurrence of the levels ¢ and j, and H*“, called local entropy of order
2, can be obtained from the cooccurrence matrix. Note that H" computed
from the histogram has less importance than H® in describing (and
processing) an image, because the histogram remains the same irrespective
of the arrangements (permutation) of the points in the image space,
whereas the cooccurrence matrix changes [60].
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Conditional Image Entropy
H(c)=(H(O/B)+H(B/0))

=- ¥y ¥ p(x,/yj)Ingp(xr/y;)

el yeB

- L X ply/x)og, p(y,/x,) (37)

)‘}EB e

where the object O and the background B contain the pixels x, and y,
respectively. The first term denotes the conditional entropy of the object
given the background, i.e., average amount of information that may be
obtained from the object given that one has viewed the background [6G].
Similarly, the second tcrm represents the information obtained from the
background when one has viewed the object. The pixel ¥,, in general, can
be an mth order neighbor of the pixel x,, i.e., y, can be the mth pixel after
X, ;
Various segmentation and object extraction algorithms using these
measures (for g=2 and m =2) have been developed by Pal and Pal [60).
The criterion used is to maximize either the sum of the second order local
entropy of an object and background, or the second order conditional
entropy with respect (o a partitioning of the image space. In that sense the
local entropy of the object and background gives information about the
spatial ambiguity by measuring their intraset homogeneity, whereas the
conditional entropy conveys information on interset contrast between
object and background. (Note that the expressions given above use the
concept of logarithmic entropy. Similar expressions using exponential
behavior of entropy (Equation 11) are available in [38, 39])

Positional Image Entropy

The aforesaid entropic measures H'9) and H(c) are able to extract the
object irrespective of its position on the scene, and if the object is moved
from one place to another keeping the gray level distribution the same
these measures do not change. In scene analysis, robotics and computer
vision it becomes highly desirable to have the information about the
location of the object within a scene. For example, in docking and camera
tracking problems of space autonomous research, we are interested in
determining the location of a particular shuttle or satellite in the scene. A
measure, called positional entropy H”, has recently been introduced by
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Pal and Pal [39] thal may be used 1o find the approximatce position o.t.zm
objeet constituted by the range of Tevels [0, 5] say, In a scene. Its definition
in terins of exponential gain function (Equation 11) is given below:

He= Y ow, pe' ™ (38)
=0
where
I (39)
IITRNe
wo=l/d,,, ~ when > (40a)
w = 1/d,,  whenr<0 (40b}

w,, o L/, when r=0 and ): (I —-"T) #0 (40c)

roge ol

wo = Lgd,, when r=0 and o -7)=0 (40d)

opouy

= (1 /o0 L (i—0) (-7} (41)

1.7 abj

5, - \/Z(fﬂ?):/o‘ i, = \/}:(‘;‘f]):/o\ (42)
f-A/2405  J=N/2+0S (43)

2w N i the size of the image and €, is the size of the obiccet. pr dcrlolcs
the prohability of veeurrence of the gray level 7~ f”- d.cnme.s intensity of
the G pith pisel. d,, denotes the distance of lhc.(z._()th pixcl from the
pomt (1 can he any of the points A, D.G.and Ein Flgu_rg 13 r de.nmes
the objcet correlation” such that it can have cither a positive, negative or
sero value depending on the position of the object in thc' scenc. For
example, r is positive if the major portion of the f)hj(@l is along the
diagonal AC (Figure 13). r is negative when the object 1 concgntratcd
nlnﬁg the diagonal BD and r is zero when the objcct lies symmetrically on
axis EF or axis GH. N -
Equation (38) is scen to take into account the position of the Ob_]CC[lOT'I
hoth the image planc and on the gray scale. That is, if the samc object
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A . . .G . . . B

. . <. H. . .C

Fig. 13, Different positaons for object fur correlation mecasure.

{with samc gray level distributgaon) is placed at different positions on the
scene, £1"7 will change. Similarly. keeping the position of the object {ixed.
if the gray level distribution 1= changed, then A7 will also change. The
details on its hehavior with r are available in [39]. Tt is to be noted that /47
provides an approximmare Jocation of an object with referefice to some
referenee points in Figure 13, Further investigation is required to incorpo-
rate the fuzzy hedges such as “high.” “low.” and “very” in identifving a
location more specifically.

Sharpness / Contrasi Measures

In space station autonomaous operations {(e.g., docking and camera
tracking}, we often need to memsure the sharpness in focusing an object by
a camcra. This may he obtained based on the gray level statistics computed
from histogram and cooceurren ce matrix. A simple measure is to compute
the gray level variance™

r;f-—.(l/N)Z‘,(/,—i]:h, (44)

]
with

F=(1/NY AL, N=Xh (45)

from the histogram of the image. Here, /1, denotes the number of occur-
rences of the 7th level /. /7 denotes the mean gray level of the image. N
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is the number of pixcls in the image. If o is small the gray levels are all
close 10 the mean.

As mentioned before, statistics computed from the histogram has some
limitations. A measure of contrast based on second order statistics {co-
oceurrence matrix) is to compute the entropy of order 2

H(z)z(_l/z)z }:p,.jlogzp,} (4())
iy

from Equation (36). As expected, H?) possesses maximum value when p,,
(the prohability of cooccurrence of the levels @ and j) are all equal. Its
valuc deereascs when the diagonal concentration increases, i.e., when the
contrast in the image decreases.

Another mcasure of contrast using the cooccurrence matrix and the
characteristics of human visual system (HVS) may be defined as

c-Lx il (47)
T

According to the logarithmic behavior of HVS, the discrimination ability of
a rcgion decrcases with an increase in the value of its background
intensity. Again, the contrast value should not change if the object and
background are interchanged [61]. The factor li —ji/(i + ]} ensures th.ese
properties. Obviously, the C value decreases as the diagonal concentration
of the cooccurrence matrix incrcases and the background intensity of a
region increases. The use of HVS in automatic selection of valid edge
points of an imagc is deseribed in {62].

Entropy as a Similarity Measure

The entropy H'" (Equation 36) can also be used as a simitarity
mcasure between two images. For a particular value of g, the lower the
diffcrence between two images with respect to H) the higher is their
similarity. Again. the highcr the value of g, the more the validity of this
concept of similarity. The uscfulness of this concept has been demon-
strated in [63).

PATTERN RECOGNITION PERSPECTIVE 49

6. UNCERTAINTY IN KNOWLEDGE ACQUISITION
AND MATCHING

In the previous sections, we have discussed, in detail, various measures
(both fuzzy set theorctic and classical) for ambiguity in an image and their
applications in representing and handling the various uncertainties that
might arise in some of the important operations in low level vision, The
processed output can be obtained in both fuzzy and crisp (as a special
case) forms. As mentioned before, these low level operations {particularly
image segmentation and object extraction) play major roles in an image
rccognition system. Any error made in this process might propagate to the
higher level tasks, 1.e., in feature extraction, description and classification /
analysis. Let us now cxplain, in brief, how the uncertainty in the higher
levels of a recognition systcm can be represented and managed with the
notion of fuzzy set thcory.

In picture recognition and scene analysis problems, the structural infor-
mations is very abundant and important, and the recognition process
includes not only the capability to assign the input pattern to a pattern
class, but also the capacity to describe the characteristics of the pattern
that make it ineligible for assignment to another class, In such cases
complex patterns arc described as hierarchical or tree-like structures of
simpler subpatterns and each simpler subpattern is again described in
terms of even simpler subpatterns and so on. Evidently, for this approach
to be advantageous, the simplest subpatterns, called pattern primitives are
to be selected.

Another activity which needs attention in this connection is the subject
of shape-analysis that has become an important subject in its own right.
Shape analysis is of primal importance in feature/primitive selection
and extraction problems. Description of shape can be done in two ways,
e.g., in terms of scalar measurements and through structural descriptions.
In this connection, it needs to be mentioned that shape description algo-
rithms should be information-preserving in the sense that it is possible to
reconstruct the shapcs with some reasonable approximation from the
descriptors.

As described in Scction 5.2, the fuzzy geometrical parameters also
provide scalar measurements of shape of a gray image. Having extracted
these fuzzy geometrical properties of an image, one can go by the decision
theoretic approaches for its recognition. The way uncertainties, imprecise-
ness and incompletcness in an input pattern can be handled heuristically
has been reported recently by Pal and Mandal [28]. Their system provides
a natural dedsion which is associated with a confidence factor denoting
the degree of certainty of the decision. The concept of determining
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multicliss Guzzy) houndary and shape [6d] of a patlern class from its
sampled points {prototypes) has also been inlmduccd. in order to ncrease
the ellicieney of the svster. In this connection, meptian must be made of
the dcvclup{m‘nl of a sencralized guard zone ulguril'hm (GGA) recently
reported through a series of papers {65-70] for I.ca'rmng class parameters
in presence ol mislabelted. noisy or doubtful training sn‘mplcs. The algo-
rithm uses thresholds dvnamically to reject those undesirable samples 10
impiement o restricted upclating program. Tht'l .zllgurithm has heen f(‘)u‘nd
<y be useful in many real life patiern recognibion problems by prov m.lmg
much fmprosed performance as compared (o the L!suznl nonsupervized
recounition systems. particularly when the initial estimates are weak or
|nmf. Ity convergence properties and automatic sclection of guz\r.d zonc
dimension are mathematically established using the model of Chittinem
[71]. For uncertainty analysis in feature selection and extraction prablems.
(the readers mav reler to {49, 72-70]. .

[t us now consider the syntactic approach of description and recogni-
lion of an image based on the primitives extracted from the s[ructu‘ral
information ol it Whape. The syatactic approach to patiern recognition
imolves the representalion ol o pattern by string .nl" concatenzted
subpattern calied primitives. These primitives are ct)nsldcrf:d to be lhc‘
ierminal alphabets of a formal grammar whose I:lnguz\gg i the set of
patterns belonging to the same class. The task of recognition therefore
imvolves o parsig of the string. .

Beeause of 1he ill-defined character of the structural information, the
wneerlaint man arise bath in defining primitives and in relations among
them. In order to handle them. the sytactic approach has incorporated
the coneept of fuzszy sets at two levels. First, the pattern primitives are
Uhemech o considered o he Tabels of fuzzy sets, ie., such subpatterns as
~almost circular ares.” Tgentle.” CTairT and Usharp” curves are considered.
Secondly, the armetural relations among the subpatterns may he fuzzy, s0
it the formal grammar is fuzzificd by the weighted production rulc‘s :md.
e arade of rnc[nlwrdnp of o strsng is obtained hy min-max camposition ol
e erades of The production uscd in the derivations. .

Pal and Kine [18, 3537 viewed the primitises like line and curve in terms
ot ares with \;{n’ing_‘ grades of membership from 0 to 1 (+ representing a
siraight line and | representing a sharp are. For automatic extraction (‘)I
]\I'lm\lli\u\ from grav-tone cedge-detected images they defined membership
functions Jor vertical line. horizontal line and oblique line from the angle
ol melination. and the degree of arcness of a dine segment from the
co-ordinates of its end points. Their effcctiveness in recognizing x-ray
imaees. hand and wrist bones, and nuclear patterns ol brain ncuroscere-
om cells i demenstrated i [77-79] Hunisherger et al, [80] has inter-
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preted the shape paramelers of triangle. reetangle and quadrangle in terms
of membership for “approximate 1sosceles triangles.” “approximate equi-
tateral triangles,” and “appraximate right triangles™ and so on for their
classification in o color image.

In order (o represent the wncertainty in physical relations among the
primitives, the production rutes of a formal grammar are fuzzified to
account for the fuzziness in relation among the primitives, thereby increas-
ing the generative power of o grammar. Such a grammu is called fuzzy
grammar [81, 82]. DePalma and Yau [83] introduced the concept of
fractionally fuzzy grammurs with a view to improving the effectiveness of a
syntactic recognition syslem.

The incorporation of the element of fuzziness in defining “sharp,”
“fair,” and “gentle”™ curves in the grammars cnables one o work with »
much smaller number of primitives. By introducing fuzziness in the phvsi-
cal relations ameng the primitives, it was also possible to use the same set
of praduction rules and non-terminals at cach stage. This is expected to
reduce, to some extent, the time required for parsing in the sense that
parsing needs to be done only once at cach stage, unlike the case of the
nonfuzzy approach [77]. where cach string hax 1o be parsed more than
once. i general, at cach stage. However, this merit has to be halanced
against the fact that the fuzzy grammars are not as simple as the corre-
sponding nonfuzzy grammars.

Recently, the rule based svstems have gained popularity in high level
vision activities, By maodelting the rules and facts in terms of fuzzy sets, it is
possible to make inferences ustng the cancept of approximate reasoning,
Nafarich and Keller [84]) designed such a svstem for automatic target
recognition using about 40 rules. A knowledge based approach using
Dempster-Shafer theory of evidence [2] has also been formulated [85] for
managing uncertainty in ohjeet recognition preblem when features fail to
be homogencous. Mcaningful pay-offs arc defined in this context. The
prablem is tackled by considering masses with fuzzy focal elements. They
also developed an evidential approach to problem solving when a large
number of knowledge systems (which might give contradictory or inconsist-
ant information) are available [271 It is 1o be mentioned in this connection
that the dehintions of credibility and plausibitity of Dempster-Shafer
theory of cvidence when the evidences and propesitions are both fuzzy in
nature are available in [86. 87].

Another way of handling uncertainty in knowledge acquisition based on
the theary of rough sets, a concept introduced by Pawlak [3]. is reported in
{88]. They considered uncertaintics arising from the inconsistencics in
different actions of different experts for the same object, or from the
different actions of the sumc expert for different objects described by the




59 S. K. PAL

same values of conditions. The method involves learning from examples.
For a sct of conditions of the information systems, and a given action of an
expert, lower and upper approximations of a classification, generated by
the action, have been computed with the help of rough set theory. Based
an these approximations, the rules produced from the information stored
in a data base arc catcgorized as certain and possible. The certain rules
may he propagated separately during the inference process, producing new
certain rules. Similarly, the possible rules may be propagated in a parallel
way.

[t 15 to be mentioned here that the fuzzy set theory and the rough set
thcorv are independent and offer alternative approaches to deal with
uncecrtainty. However, therc is a connection between rough set theory and
Dempster-Shafer theory, though they have been developed separately.
Dempster-Shafer theory uses belief function as a main tool, whereas the
raugh sct thcory makes use of the family of all sets with common lower
and upper approximations [4, 88].

7. USE OF NEURAL NETWQORKS

Artificial ncural nctworks are signal proccssing systems that emulate
thc human brain, re., the behavior of biological nervous systems by
providing a mathematical mode! of combination of numerous neurons
cannected in a netwark, The theory of fuzzy subsets, on the other hand,
can model the human thinking proccss and behavier, and provides an
approximate and vet effcctive means for describing the characteristics of a
svstem which is too complex or ill-defined to admit of precise mathemati-
cal analysis. The fusion of these two new technologies therefore promise
cnormous intellectual and matcrial gains in the field of computer and
svstem scicnce by incorporating the similarity in their logical operations
and learning proccsses, and combining their individual merits.

A large number of rescarchers arc now conecntrating on exploiting this
maodern concept in the ficld of pattern recognition and machine vision
[89-91]. Use of neural nets for the object extraction problem using self
organizing neural nets. and using Gibbs distribution in a modified version
of the Hopficld network has recently been made by Ghosh et al. [92-94].
The basic aim of their approach is to emulate the human neural informa-
tion processing system so that it becomcs effective even when the input
image information is ill defined and/or incomplete /noisy. Mitra and Pal
(95. 96] have introduced the concept of fuzzy sets in designing classifiers
(both supervised and unsupervised) for uncertainty analysis and recogni-
tion of patterns using Kohonen's model and the multilayer perceptron. A
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self organizing ariificial neural network capable of fuzzy partitioning of
pattem§ has been developed which takes membership values to linguistic
properties (e.g., low, medium, and high) along with some contextual class
:nfonnatlpn as the input vector. An index of disorder based on mean
square distance between input and weight vectors has been defined in
order to provide a quantitative measure for the ordering of the output
space. The r'nethod based on the multilayer perceptron, on the other hand
lnvolve§ assignment of appropriate weights to the backpropagated errors,
depepdmg on the membership values at the corresponding outputs. During
training, the learning rate is gradually decreased until the network con-
VETges to a minimum error solution. The performance is compared with
that of the conventional model] and Bayes’ classifier. Though the effective-
ness of the classifiers is demonstrated on speech (patterns of biological
origin and contains enormous fuzziness or ambiguity because of speakers
sex, age, mood, dialect, etc.) recognition, the problem of image recognition
under uncertainty can easily be dealt with within this framework. For
example, the fuzzy gecometrical properties (Section 5.2) of a pattern can be
used as features for Icarning the network parameters. The fuzzy seg-
mented version, fuzzy edge dctected version or fuzzy skeleton of an image
may also be used along with their degrees (values) of ambiguities for the
purpose of network training and its recognition.

_Use of neural nets has also been made in space control problems using
reinforcement learning (9, 17). Research is going on at the Johnson Space
Center to demonstrate their success in tether contro} operation. A space-
time neural network has been reported [97) which incorporates the dimen-
sion Qf time to the backpropagation network algorithm in order to make
effective system modelling. This allows the networks to possess an adaptive
tempgral memory without introducing additional nonlinearities into the
learning laws. Its success in predicting sun spots has been demonstrated.
Further references on the fusion of neural nets and fuzzy logic regarding
deve‘:lopment of an intelligent system are available in [98-105]. In the next
section we will be explaining the basic concept of genetic algorithms

(angther new technology) and the possibility of its being useful in space
station autonomous research,

8. USE OF GENETIC ALGORITHMS

Genetic algorithms (GAs) are highly parallel, mathematical, adaptive
search procedures (i.e., problem-solving methods) based loosely on the
processes or mechanics of natural genetics and Darwinian survival of the
fittest. They model operations found in nature to form an efficient search
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that 1~ effective acrass o broad speetrum of problems. Thgsc algo.rithn.m
apply geoetically-inspired operators o popul;l.lmns nf.polcnUal f-olutmnx'm
an iterative fashion. creating new populations while scarching .for.an
optimal (or near-optimal) solution to the pro'hlcm at hand, Population is a
kev word here: the fact that many points in the space arc searched in
|1;1}:1|Ic| sets genetic algorithms apart from mher sc.arch operators. An-
other important characteristic of penetic ;Ugorllh'ms is that they are very
effective when searching (c.g.. optimizing) funetion spacces that are not
amonth or continuous— functions that are very difficuit (or imposmblc_) Lo
wearch using calculus-hased methods. Genetic algorithms are also blind:
that s, thc; know nothing of the problem being solved other than payoff

enalty information.
N '?hc basic iterative model of the GAs is shown in Figure 14 [100, 107). A
new  population is created from an existing population by means of
ot alnation, selection. and  reproduction, This proccss repeats until i'hc
papulation converpes o an optimal solution or somc other stopping
condition is reache. N . .

The initial population consists of o set of individuals (l.{,?.. potcnts;}l
wlutions) penerated randomly or heuristically. In the classical genetic
algorithm, cach member is represented by a fixed-length binary string of
Mits (o efromosome) that encodes parameters of the problem. This en-
coded string can be decoded to give the integer valucs for these parame-
ters. '

Onee the initial population has heen created, the cvulunlmn. phase
Begins. The penctic algorithms reguire that members of the population can

New
Population

Current
Population &? Ak

Reproduction

Evaluation

Selection

The (4. The derative genctic algorithm model.
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be differentiated according to goodness or fitness. The members that arc
morce fit are given a higher probability of participating during the sclection
and reproduction phases. Fitness is measurcd by decoding a chromosome
and using the deceded parameters as input to the objective function. The
value rcturned by the objective function (or some transformation of i) is
used as the fitness valuc.

During the selection phase, the population members are given a target
sampling rate that is bascd on fitness and determines how many times a
member will mate during this generation—that is, how many offspring
from this individual will be ¢reated in the next population. The target
sampling rate (usually not a whole number) must be transformed into an
integer number of matings for each individual, There are many ways of
determining the target sampling rate and the actual number of matings.
Suffice it to say that individuals that arc more fit arc given a reproductive
advantage over less fit members. .

During the reproduction phase, two members of the mating pool (e,
members of the population with nonzero mating counts) arc chosen
randomly and genetic operators are applicd to their genetic material to
produce two new members for the next population. This process is re-
peated until the next population is filled. The recombination phase usually
involves two opcerators: cross-over and mutation. During cross-over, the
two parcnts exchange substring information (genctic material) at a random
position in the chromoesomes to produce two new strings. Cross-over
occurs according ta a cross-over probability, usually between 0.5 and 10,
The cross-over operation scarches for better building blocks within the
genetic material that comhine to create optimal or near-optimal problem
paramecters and, thercfore, problem solutions, when the string is decoded.

The mutation opcration is a sccondary genctic algorithm. [t is used to
maintain diversity in the population—that is, to kcep the population from
prematurcly converging on one solution—and to create genetic materinl
that may not he present in the current population. The mechanics of the
mutation operation are simple: for cach position in a string created during
cross-over, change the value at that position according to a mutation
prebability. The mutation probability is usually very low—-less than 0.05,

Given the proper domain representation, genctic algorithms will cvolve
toward nearly optimal solutions by building up complicated structures out
of small components. which can be described as schemata. A typrcal
expression characterizing this phenomenon, as described by Goldberg [15].
is of the form '

m(”-f+U?W(”J)‘”}” ‘P‘%*O(H)Pm (48)

e —
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where H stands for a particular schema, m(H,r) is a measure of the
number of copies of the schema in the population at time ¢, f 1s the fitness
fumction, f(H) is the average fitness of the schema, f is the average fitness
of the entire population, L is the length of a solution, p, and p,, are the
probabilities of cross-over and mutation, and 8(H) and o(H) are the
de fining length and order of the schema. The fractional term indicates that’
the number of schema in the population will change proportional to the
average fitness of solutions containing the schema relative to the average
rituess of the population. Of particular interest is the last term of the
equation which is a measure of the extent to which a cross-over or
mutation is likely to disrupt the schema, Note that the greater the defining
lemgth or order of the schema, the greater the chances that it will be
altered by the cross-over or mutation, thus driving down the number of
schema in the population. Consequently, schemata that are short and low
order are probabilistically favored by the genetic algorithm, and any GA
which is to work effectively must contain operators that prefer such small,
low order building blocks.

GAs differ from many conventional search algorithms in the following
ways. They consider many points in the search space simuitaneously, not a
single point. and therefore have less chance of converging to local optima.
They deal dircctly with strings of characters representing the parameter
sets, not the paramcters themselves. They use probabilistic rules to guide
their scarching process instead of deterministic rules.

In handling uncertainty in pattern analysis and control tasks of space
autonomous opcrations. GAs may be helpful in determining the appropri-
ate membership functions and rules, and in providing a reasonably suitable
calution as far as extraction of object regions or skeletons is concerned.
For this purposc, a suitable fuzzy fitness function needs to be defined
depending on the problem. Fuzziness may also be incorporated in the
encoding process by introducing a membership function representing the
degrec of similarity /closeness between the chromosome parameters
(strings). For example. consider a scene analysis problem where the rela-
tions amongst various segments (or objects) may be defined in terms of
fuzzy labels such as close, around, partially behind, occluded, etc. Given a
labelling of each of the segments the degrees to which each relationship
fits cach pair of segments can be mcasured. These measures can be
combincd to define an overall fuzzy fitness function. Given this fitness
function, the relations amongst objects and the relations amongst classes
to which the objects belong. a genetic algorithm searches the space to find
the best solution in detcrmining a class to be associated most appropriately
to cach object. An approach based on genctic algorithm for scene labelling
i reported in [108].
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In Section 5.3, we have seen that the task of extracting fuzzy medial axis
Frapsformation (FMAT) of an image involves enormous computation and
it is not guaranteed whether the resulting output provides a compact
minimal set for image representation. Searching based on GAs may be
helpful in this case. Let us list below a few key features for implementation
of GAs in selecting an optimal FMAT.

e The status of each MA pixel may be encoded as 0's (or 1's) represent-
ing deletion from (or inclusion in the) the FMAT.

* Since GAs are blind, the pay off or the objective function for
measuring the goodness of a set of MA pixels should involve both
‘.‘minimum number of MA fuzzy disks” and “maximum compactness
in MA pixels” as criteria. The second criterion may include the
measures like fuzzy compactness (Equation 15) or index of area
coverage (Equation 22).

» The goodness of reconstruction can be measured by higher order
entropy (Equation 36), which takes into account the consecutive
occurrences of the pixels.

« Some trade off is needed between the selection of disk size r and the
total number of disk values.

Extend the one-dimensional genetic operators to two-dimensional
image space.

9. DISCUSSION

Various space station problems where research is being conducted at
the Johnson Space Center for automating certain tasks are explained. The
uncertainties that might arise in analyzing image patterns and the subse-
quent control operations are discussed. The role of fuzzy logic in repre-
senting these uncertainties is explained. Various fuzzy set theoretic and
probabilistic tools for mcasuring information on grayness ambiguity and
spatial ambiguity in an image are listed along with their characteristics.
Some gxamples of low-level vision operations (e.g., segmentation, skeleton
extraction, and edge detection), whose outputs are responsible for the
overall performance of a vision system, are considered in order to demon-
strate the effectiveness of these tools in managing uncertainties by provid-
ing bgth soft and hard decisions. Uncertainty in determining a membetship
function in this regard and the tools for its management are also ex-
plained. Apart from representing and managing uncertainties, the tools
baseq on fuzzy set theory and probability theory can alsc be used for
providing quantitative measures in order to avoid the subjective judgment
on the quality of processed output and to avoid human intervention in
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CpACce AUteGNOmMEUs operations. Most ol the algnrilh.ms z'md tonls (lCSCtled
here have heen developed recently by the author with his collcagues. Some
of the illustrations are taken from the cxisting literature and arc put here
loeether in a unificd frame. Processing of color image has not hclcn
considered here. Some reeent results on image information and processing
in the notion of fuzzy logic are available in (46, 109. 1101].

Uncertaintics invalved in other parts of a rccngni.lion system such s
primitive extraction/analysic and syntuclic. classification. and knowledge
acquisition are discussed in bricl along with the features of Dcrnpslcr:
Shaler theory and the rough set theory. Some of the recent attempts of the
rescarchers on fusion of fuzzy set theory and neural nctv«.mrks for better
handiine of uncertainty {in the sense of parallel processing, r()bus.lncss,
and alo perlformance) in pattern analysis pmhlqm are nu:n.ll(.)r?cd. I‘Tma.lly‘
the kev features of genctic algorithms along with its possibility of being
ueed successfully in this context are cxplained.

Pl e we o wontten winle the waior held an NRC-NASA Research ,’1.\\(1.('1{”('\1'?!” ”"
s dodvson Space Center, Howsion, Teva den dedicated rr)..’_u\' purents (.'m{.,fumr{_\‘ .'.Ht’:'r?h)('n.
ek fromme e Caddenidra for thewr support, patience, aned sacrifiee rmn.'.r.u'\ buifding JTH‘: u.'.:ur..
Professens B (. Hhagachenya and o Chatierjee, constini sourees of impuation since I-);.]”‘.
Professen 1 Dt Mapender. wiia Drogsehs on e the ficlds (Jf,n{u.'«'m J’('(.'U‘QH.'Hr?H' ?Jrr(!j:aL?.
vt theom pr 1975 as a sepernor of iy firnt PhoD. dioseriarion at Calentra Una r‘r\j'!\,
Profevor 11 Rorg for supen ivdng bis secemd Phe D (If'\\('n."i'{.‘HUH aned pm‘.'v(f’n('r(.u'm' n‘m\'k af
hropenad College, Fomdon dunre 107083 Profeaor D K (.:J'I(Ml'l' for takmg sincere mie ."l(.\{ o
Lo wenks Protessors o1 Zadel and 1. Rosenfeld Jor aeting av advisors at !.hr' Untr e'r’s.lr.\ of
¢ alifenier, Berkelev and Uniicrane of Viercland, College Park dinng In.\ I‘m’hr..'_qf‘n' Vivitong
Proerant i 080087, and D RN Low, advinor al the NASA Jofunon Space Center dinng
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