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Abstract

This paper describes a set of algorithms used to perform segmenta-

tion of natural scenes through boundary analysis. The techniques include

preprocessing, differentiation using a very simple operator, relaxation

using case analysis, and postprocessing. The system extracts line

segments as connected sets of edges, labels them, and computes features

for them such as length and confidence .
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I .  In t roduc t ion

We describe In this paper a set of programs that are used to

perform a boundary analysis of images of outdoor scenes. Each process

can operate in parallel across the whole image, since the value computed

at a pixel is a function only of a small neighborhood around it.

Due to the modular nature of these programs, they can easily be “unp lugged”

and replaced by more sophisticated versions, or left out altogether ,

if desired . The relaxation process in particular (described in Section

111.4) was designed to be a minimal functional Implementation of the

Ideas behind the algorithm. A more sophisticated elaboration of these

ideas Is described in [31. The techniques described in this paper have

been developed f)r use in the VISIONS scene analysis system [2].

1.1 Overview of the System

The goal of the system is to form a segmentation of an image, that

is , to delineate the boundaries of the objects in the scene. This is

done via differentiation using edge masks, a process which finds discon—

tinuities in the intensity image. Prior to this stage, however, pre-

processing is required to clean up the raw data somewhat. After differentia-

tion, a relaxation process will consolidate the edges formed on the

basis of local consistency requirements. Individual edges are then

linked together during the binding stage to form extended line segments.

Finally, properties of these line segments such as confidence are computed ,

allowing removal of low-confidence lines.

Conceptually there are four stages to our line—finding process.

Each of these Is Implemented as one or more computational modules.

I
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(1) Preprocessing: This stage cleans up the raw lata .

(la) UNMIX corrects for “mixed pixels” introduced in digitiza-
tion.

(lb ) CONDIT1ONAL AVERAGE smooths out random aoise and fine
microtex ture.

(2) Generat ing the Edge Representation: This is the heart of the
whole process.

(2a) DIFFERENTIATION finds the apparent edge—strength at
each point in the image.

(2b) SUPPRESSION removes “multiple edges” formed by spatial
differentiation of boundaries which are composed of a
gradient across many pixels.

(2c) RELAXATION drives the probability of an edge at each
point to 1 or 0 on the basis of local support or inhibition.

(3) GroupIng : This stage joins edges into line segments and finds
features of these lines.

(3a) BIND jo ins  con t iguous edges together to farm line segments ,
and each l ine segment is given a unique label.

(3b) FEATURE EXTRACTION produces features such as length ,
contrast , location for each line segment.

(4) Postprocessing.

(4a) TRIM1 removes selected line segments (e.g., shor t, low
contrast lines).

(4b) CONWIDENCE generates a confidence for each of the remaIn-
ing segments that actually is a meaning ful l ine segment .

(4c) TRIM2 removes low confidence lines by thresholdIng
on their confidence level .

II . Stage 1 — — _Preprocessf~~

We start with the Image dig itized into three arrays containing the

red , green , and blue components of the scene. These are now averaged

to form the black and white intensity image. Prior to differentiation ,

I..
I ,

—- . —.— V .. -. — — — — - -  _ _ _ _ _ _



this image undergoes two preprocessing stages which provide the black

and white image upon which the l i n e — f i n d i n g  process worI~s.

(St~çj~~l~j UNMlX: The first process is designed to eliminate wha t.

is known as the “mixed—pixel” problem. This problem occurs whenever

images are digitized , and is due to the fact that boundaries in the image

will not in general fall in register with the digitization grid. Thus ,

the intensit y recorded at a pixel might overlap two regions , and there-

fore represent a weighted average of them (see Figure 1).

The procedure must test to see if a two—step intensity gradient

o rurs at the same p ln~ e in all of the three colored images. If it does,

then a mixed pixe l is assumed to have been formed (of course this ass~imp—

t i o n  m i g h t  not be co r r e c t  and then  er ro r s  would be introduced). i t  i s

c o n s e q u e n t l y “ u n m i x e d ”  b y a s s i g n i n g  to it the va lues  of i t s  nearest

neighbor along the direction of the gradient. This has the effect of

s h i f t i n g  the  b o u n d a r y  b y a f r a c t i o n  of a p ixel  (see F igu re  lc) .

(Si~~p lb) CONDlT1ONAL AVEP~
GE: The second process is an a d a p t a t i o n

of a smoothing process due to Rosenfeld (71 which helps eliminate no i se

in the image. in this process, the intensity value at each point is

rep laced by the average of itsel f and Its neighbors , except that if the

differ ence ’ hetween the value u f  the point and a neighbor is greater than

a certain value T, then  t h a t  ne ighbor  La not included In the average .

For the ne i ghborhood {N 1
) of the po int N0 in Figure 2, 

its updated

va lue is given by:

~1

I
_ _ _ _ _  ~~~~
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F I ~s. 2. Ne l~~è.rhood consi dered In ‘CONDITIONAL AVERAZ’ ..

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



VJ

5

where S (N
1 : IN 1 

- N
01 T} and n is the cardinality of S. Note

that S always contains N0. This proced ure has the following effects :

(I) Within a homogeneous region , it smooths out small amounts of

noise (small relative to T).

(2) Near a region boundary whose contrast is gceater than T It

includes no points across the boundary in th e average . This

allows a smoothing of the points on either side of the boundary

w i t h o u t  bl urring the boundary as a nondiscriminatory averag ing

process would do.

(3) WIthin an intensity gradient , the process ave rages a point

with roughly as many other points that have smaller intensity

as greater. This will smooth noise within the gradient , but

it will not destroy the gradient.

(4) In a t extured region, If the texture elements differ little

in intensity (relative to T), they will be smoothed into a

homogeneous region. If the texture elements differ by more

than T, then no averaging will occur , except perhaps within

the texture elements themselves.

Af ter experimental testing of the differential operator (to be

described later) on images that have selectively undergone the UNMIX

and/or CONDITIONAL AVERAGE passes , it was subjectively concluded that

an application of both processing techniques gives the cleanest results

(i.e., no loss of any important lines, or addi tion of extraneous ones).

Examples of the combined use of these preprocessing stages on intensity

images are shown in Figure 3.
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Figure 3 . PreprocessIng. FIgure 30 shows the orig ina l intensity data. Figure ~
shows the saae doto aft.r the LJNPIIX ond ‘CONDITIONAL AVERAGE’ steps.
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Figure 3d shows the Intensity data of Figure 3c after preprocessing.
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III. Stage 2 —— Generating the Edge Representation

III . 1 ~~~~ enta t ion of t lie Edge lmage

The input consists of an array of numbers representing the ligh t

intensity of each position in the image. Since each of these pixels

is to be in some region, it is reasonable to constrain the boundaries

of regions to fall only between pixels. Representing the Image on a

rectangular grid and constraining edges to lie between pixels imposes

a boundary that consists entirely of horizontal and vertical edges

(as in [1] and [10]). This greatly facilitates further processing.

111.2 DiFFERENTIATION (Step 2a)

The standard technique for differentiation is to convolve edge

masks with the image . It can be generalized to apply a set of masks,

and to compute the output as some function of the responses of these

masks, often the maximum response.

In [5], experiments were performed with several combinations of

different masks, and It was found that on the preprocessed data, the

simplest possible mask gave the best overall results. This mask computes

the difference in Intensity between two adjacent pixels and associates

the result with their counnon boundary.

111.3 SUPPRESSION (Step~~~~

One of the weaknesses of using masks is that wide gradients give

rise to multiple parallel indications of the same edge. A simple

technique for eliminating these unwanted edges is called non—maxima

suppression: in a sequence of parallel , Immediately adjacent edges,

all bu t the strongest are eliminated . If , further , the total contrast
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of al l  the ed ges a( ross t h e  gradi ent is ( V o l  lected  i n t o  the remaining

ed ge , t hen t lie ed ge—p I c  Lur e  resul t l ug  is  much  more r epre senta t i  ye of

t : i ~ s t r e n g t h s  of th e  g ra d i e n t s ;  t h i s  is the  a l g o r i t h m  used in  the sys t em

descr ibed  in this pap er .  For f u r t h e r  di s ussion of these t e c h n i q ue s ,

see 13 .5,6 1.

111. f4 RELAXATION (Step 2c)

1 1 1  . 4 . 1 Ba ck~ round

The ed ge s t r e n g t h s  produ ced b y t h e  d i f f e r e n ti a t i o n  process depend

upon the  local  c o n t r a s t  In the  image . Weak edges may a r i se  f r o m  low—

c e n t r i s t  b o u n d a r ie s , g r a d i e n t s  e x t e n d i n g  over many p ixe ls , or f rom

text ire Inte rna l to a region , or indeed f rom n o i s e .  The o u t p u t  i i i  the

d i f f e r e n t i a t i o n  process is thus usual l y f a r  f rom be ing  clean . If the

strengths of ed ges are  viewed as p r o b a b i l i ti e s , or conf idences , of t h e

e x i s t e nce  of  ed ges , u s u a l l y few of them would he cons idered  t o  have

probabi lities of 0 or I .  An edge p r o b a b i l i t y  tha t is neIther 0 nor 1

et Vfective l y is an ambiguous Int erpretation of the  entity concerned .

However , the local context around each edge contains Information for

u p dating the probability so t h a t  u l t i m a t e l y the amb i gu i ty  w i l l  be redu’ ed

and I n t e r p r e t a t i o n s  w i l l  be locall y consistent. The process of updating

these confidences in parallel w ill he called a reiaxat ion prores.s .

In this scheme, a label A is assigned to each posiiion with an initi al

probabili ty I’(A). ‘h e set of labels A can be a set of edge—descri ptors,

such as “horizontal edge”, “vertical edge”, etc. , and would typ icall y

include a special label., the “null edge” label , whi ch Is an assertion

that there Is no edge at tha t point. ft Is chosen so t h a t  the labels are

mutuall y exclusive , since It Is desired that ul t i m a t e l y one label

—~~~~~~~~ _________________ — — ___________________________ _ .  - — — —~~~~~~~~ ,__ — . 
~-
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will he present wi th probability one, the others with probabilit y zero

at each point. The labels may be regarded as competing at each position

In the image during relaxation. In this procLs~
.,, each probabil ity

for every label at every position is then updated in parallel accord ing

to It s compatibility wi th the labels at neighboring positions (in

some predef ined ne ighborhood). Under quite restricted conditions

convergence can be guaranteed [111, although not necessarily to any

meaningful global interpretation .

A considerat ion of the relaxation model of Rosenfeld et al. described

in detail in [8] (and summarized above) leads one to conclude that the

heart of the scheme is in the setting of the (many) compatibility

coefficients. Not only are there many of these which need to De - . et ,

hut due to heavy interdependence of effects there is no direct correla-

tion between the setting of an individual weigh t and the perfo rmance of

the system. Thus, tun ing can be very difficult , since it requires

optimization of many variables simultaneously. Furthermore , there is

no guarantee that it is possible to set weights such that all the desired

effects can be achieved simultaneously. While it is fairly straight-

forward to set the weights so that some of the more obvious cases are

taken care of , there is rarely enough leeway to adjust them so that the

more “awkward” cases , such as when part of an edge ’s neighborhood supports

i t  and the other part inhibits It (case 0—i described in 111.4.5 below),

are managed correc tly. Indeed , i t is difficult to determine where the

system is failing, or how it is achieving its results.

I t appears that one source of these difficulties arises when the

updating process employs a single formula that Is used to take care of
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the various very different cases that arise. In the next section , an

alternative scheme is proposed which will deal with each of the afore-

men tioned problems separa tel y ,  in a clearly structured manner.

111.4.2 A Different Representation for Relaxation

In the scheme V~~U5t described , a set of labels are competing for

each position in the image. Thus for a point on a diagonal boundary ,

both horizontal and vertical labels will be competing. In our representa-

t ion , we can allow both labels to coexist at a pixel since we are p lacing

edges at interp ixel boundaries , not on top of the pixel. Therefore ,

at each vertical pixel boundary the only labels we need to consider

are “vertical edge” and “no edge”, and similarly for horizontal edges.

In this way, the set of two probabilities at each edge location

{P 1( A ) l A  c A) can reduce to a single parameter P~ . The probability

of an edge at position I is P1, while the probability of the null label

“no edge” at position I is 1 — P~~. Relaxation is very much simplified

as a result of this representation .

We will use the notation of Figure 4 to describe the edge—configura-

tions under consideration.

An open rectangle will represent the edge to be updated .

A dotted line will represent an edge position with no edge present,
p 

a thick solid line the presence of an actual edge ,

a thin solid line an edge of undetermined strength.

Now let us describe the algorithm. Associated with each edge—

position will be a value indicating the probability or confidence that

an edge exists at that position. Every edge—position has two end—points

at which that edge could continue, and every end—point has three other

edge—positions incident upon it. Each edge end—point will be classified ;

as one of four “vertex—classes” according to the strengths of the incident

4
V 

-_~~~~~~~~ V • •  ~~~~~~~~~~~~~~~~~~~~ -- ~~~~~~~~~~~~~~~~~~
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edges. The vertex classes of the end—points of the edge—posi tion under

examination will then determine how the edge—strength is to he updated .

111.4.3 Cases for Updating~~~ g~~

An iterative procedure for updating the probabilities is described

below. We will denote the configuration of continuing edges at an

end—poin t by an In teger n in the range 0 to 3, represen ting the number

of such edges in the pattern. A configuration of n edges at a vertex

of edge e will be considered equivalent no matter which of the three

possible edge positions to that side of e that they take. These four

equivalence classes of continuing edge patterns are dep icted in Figure 5.

Now it will be remembered that few edges are present or absent with

any certainty. Therefore the usual case is that each equivalence class

has a probability of being true which is a function of the probabilities

of the individual edges. The determination of which classes, or vertex

types are present, computed as a func tion of the probabili ties of the

t hree ed ges to either side is now discussed .

1 11.4.4 Computation of Neighborhood Patterns

We would like to classify the configuration of edges to each side

of e as one of the four vertex types of Figure 4a—d. Consider one end-

point , say the lef t one, in Figure 4e. We will assume that the numerical

val ues associated with edges are in the range 0—1 , representing probahi l—

Ittes of the presence of an edge.

Since we are treating perpendicular continuation as equivalent to

straight—line continuation (I.e., a and c have exactl y the same effect

on e as does h), we can assume wi thout loss of general ity that

a - ~~b - ~~c. ,



13

* .~

40 4b

1- 1 — —
b . g

1 c h
40 4d 4.

Ffa~r. 4. NotatIon . 4a. Edo. po&tlon with no .da.. 4b, Edo. po.ltion with
40. Ed9. to b. tçdot.d . 4d. Edg. of un~mown ttr .ngkh. 4.. ConfI~urotIon

of .d9u around csntrci .dg. ..

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



14

So) Typ. 9 
_ _ _

I_ _  

I 
_  

_Gb) Typ. I ———— t u 
I

L i 
_ _ _ _

; .
I

_I_ I_ _ 
_~c) Typ. 2 

_ _ _ _  ——— — ~ I I

P 1• I.

5d) Typ. 3 I~_ _ _I.
Figw. 5. Clauiflcotion of vsr(.x’-typ. of left-bond .n4oint of .d9. ..



r

Assuming  independence of the  ed ges (unfortunatel y, often a had

assumption) , a simp le ca l cu l a t i on  would give for vertex types 0—3:

P r ( t y p e  0) = ( l—a) ( 1— h ) ( l — c )

P r ( t y p e  1) = a ( 1— b ) ( l - - c )

Pr(type 2) = ab(I—c)

P r ( t y p e  3) abc .

The case w i t h  the h i g h est  p r o b a b i l i ty  is then  chosen as being the ‘ state ”

of the left side of edge e.

However , there are cases where, for example, b and c are very

low and a is considerabl y larger than them , but perhaps not close to

1. In such situations we would like a strong indication of a type 1

ver tex (see Figure 6a). The remedy would be as follows: Instead of

subtracting a, b, and c from 1 to form the no—ed ge probabilities , we

can subtract from m , where m = max(a,b ,c) = a in this case. m thus

represents at a very local level the probability of a high—confidence

edge . Thus we have

Pr(0) = (m—a)(m—b)(m—c)

Pr(1) a(m—h)(m—c)

Pr(2) ah (m—c)

Pr(3) = abc.

There Is one difficulty wi th this formulation . It could occur

that a is much larger than b or c , bu t also be very close to zero (see

Figure 6b); our formula would calculate a larger value for Pr(1) than

l’r(O) when type 0 should actuall y be selected . This can be easily fixed

by anchor ing m to some minimum value q. We need a lower hound for m

because there Ia always a chance that a stronger edge could be present.

This will guarantee type 0 to be the most probable vertex type when 3
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all ln’ ldent edges have very low s t r e n g t h s .  Thus the fina l definition

of rn is

m = max(a , h , c ,q) ari d

Pr(0) (m—a) (m—b) (m--c)

P r ( l )  a ( m — b ) ( m — c )

P r ( 2 )  = ab ( m—c)

P r ( 3 )  = abc.

Since we will select vertex type i , where  P r ( l )  m a x [ P r ( j ) I ,

we onl y need to know the relative sizes of the Pr(i), so we do not need

to normalize these probabilities. q can he calculated as a function of

edges in some nei ghborhood o In the image . A suitable such function

mi gh t be i—u , where i~ 
is the average edge strength and a its standard

deviation. We found that a constant value for q of about .1 perf ormed

very well over several Images.

111.4 . i Ca lcu l a t I o n  of Direction of lip_dat e

The following notation is used to depict the neighborhood characteris-

tics (or state) of an edge: the symbols i—j denote that configuration I

Is at one vertex of central edge e , and is at the other. Obviously,

I—j -- i—i , so we need onl y consider the ten cases of I—j where f

shown in Figure 7.

Now in states 0—0 , 0—2 , and ~— 3 one ran quite con fidently say that

there Is no good support for e, and In 1—1 , 1—2 , and 1—3 one can quite

confiden tly say that there is. However , If e is in state 0—2 , for example,

it is conceivable t ha t  the situation Is really as in Figure 8. In such

a case , the  c u r r e n t  s t r e n g t h  of e itself may be a determinin g factor

for the case that b and e should be grown in to complete the line .

• _ _—  -- - - — - _V•  - -- - - — _ _ _

V -~~
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Iwo points may now he made. Fi rs t , i n some o f  t h e  above ( V ; ~~.; ,.5  i t

s ci ear how ed ge €~ sh ’ ou I d he iip da t ed . 1V I l e r e  fore , t he i ip da t I rig p rocess

should exp li e i t iv increment or decrement t he edge . ~o~cond I y , ;is I n  I o r n t ; i—

ion may need o organ  I ~c and propagate for some p e r i o d  of t I me over  some

(list ance in  t h e  I mage , ti p da t  I rig Inc renlent s (decrements) s h o u l d  not 1 r I v’

t lie prohab Ii I t  I vs t o  One (z e r o )  too quickl y. Rather , t he  Increase (de -

crease) should he some small amoun t on each Iteration . In this manner

the influence of reg ions which are initiall y locall y consistent will

spread into “ 1e~ a confident ” regi ons , much as “island s of reliability ”

played a part In the Hearsay speech anal ysis system [4].

So in cases 1—1 , 1—2 , and 1—3 we w i l l  let e Increase  (see Figure 9a)

and in cases 0—0, 0—2 , and 0—3 we w i l l  l e t  e decrease (see Figure 9 b ) .

In all o t h e r  cases the context is not very  c lear . l .eav tng  a s i d e  case

0—1 for the moment , we see t h a t  In nOne of t h e  cases 2—2 , 2 — 3 , Vj _
3 

~~~~~~

F i g u r e  9c) Is  the presence or absence of e c r i t i c a l  f o r  t h e  c o n t i n u a t  Ion

of a ne i g h b o r i n g  edge s ince  they  have a l t e r n a t i v e  d i r e c t i o n s  fo r  c on E I n u a —

t ion.  I t  w i l l  not i n t r o d u c e  or e l imina te  “cracks” —— edges t e r m i n a t i n g

a t  an indeterminate point . Whether e should exist or not depends largel y

upon I t s  contrast strength , as well  as c o n t i n u i t y  properiles on either

border , and l i t t l e  else , at leas t  u n t i l  more g l o b a l  v i e w s  and h i g h e r  leve l

know l edge is av a J 1 ah l e ~.

Case 0—i  is r e a l l y t h e  onl y problem . The neighborhood on one side

strong ly suppor ts  e , ye t  the o the r  suggests t h a t  e shonl .d he absen t .  As

no sensibl e decision oan be made , no action Is laken here (or In cases

2—2 , 2—3 , and V J _ 3 )~~ Title Is a very Important decision : it implies that

in the updating process , the 0—1 case remaining constant will  prevent a

-- - ~ V~~_ ~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~ ~~__ — —- - - . V—- ~~~~~
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line from growing Into noise or from being eaten away at its terminating

point

11 1.4.6 Performing the Update

The opera t ion of the system in upda ting an ed ge may now be d e s c r i b e d .

Let P t 
be the probabili ty or confidence (in the range 0— I) of ed ge e

at time t. Then the upating formula depends upon the situation as follows .

Incremen t case: = M1.n(l, P
t+k)

Decrement case: P = Max(0, P —k)
e e
t+1 t

Uncertain case: P = Pe e

where k is a cons tan t .  A large k gives fast convergence , hut does not

permit information to propagate very far before the probabilities of

edges converge to 0 or 1. For small k the opposite is true . By experimenta-

t ion on several images , values in the range .15 to .20 were found to

be most suitable. Typical results of using this relaxation process

are given in Figure 10.

[V. Grouping

IV.l BIND_(Ste~~~ a)

The next stage is to decide which neighbor ing edges link up to form

extended line segments. It is clear that those points In the current

represen tation which have 1, 3 , or 4 ed ges en t e r ing  them , i . e . ,  ve r t i c e s

of degree 1, 3 , or 4 , are na tu ra l  termination points  f o r  these l ine

segments (see Figure 11). Breaking boundaries in these places will

tend to form segments which lie between only two regions . This is a

highly desirable effe ct , si nce there w il l then be less variation of

I

I,

_ _ _ _ _ _ _ _  _ _ _ _ _  
_ _ _ _ _ _ _ _ _  _________

V V -~~~
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F ig ~r. 1$b . R.~u l t g  af ter 5 i teraticn~ of relaxation o~pp l i o d to Figure ISa.
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p r o p e r t I es  (such as intens ity) on either side of t he segments . This

was a major design ( ‘Otis i d e r a t  Ion  In the  RSE represent ation ol l ow— i eve I

output i n  the  V I S I O N S  s y s tem  [ 2 j .

The first stage of the  b i n d i n g  p r ocess , then , is to mark  a l l

v e r t i c e s  w h i c h  t e r m in a t e  segments  as In the configurations In FIgure 11.

Fo l lowing  t h i s  c o m p u t a t i o n , i t  i s  s t r V i i g h t f o r w a r d  to track a l l  segments

between ver  t ices and ass i go a ml pie l abel  (1 m e—numb er )  to  each b o u n d ar y

segment.

!V . 2  FEATUR E EX fl~ACT l0N (St ~~~~3b)

~
‘or each unique l i n e — s e .  ient a set of propert iv s  can be established ,

some requiring recourse to the origina l inte nsity image , or at  least ,

the intensity image that was differentiated . Typ ical properties to be

:tsso-Iated with rIte segment label are:

(1) coordinates of end—points;

(2) N—l ength (defined as the number of edges t h a t  comprise
the line )

(3) E— leng th (defined as the Euclidean distance between the
end—points);

(4) frequency w it h which the edges tha t comprise t h e  l in e  change
direct Ion;

(5) mean and variance of contrast across the line , compu ted
a long It s length;

(6) mean and variance of di flerenec between neighboring points
on eith er side of the’ boundary computed along Its length.

Proper ties 2 and 5 can be used to give a measure of confidence

that tine extra (ted segment represents a meaningful uni t of a vis ible

boundary . Property 6 gives an Indication of the homogeneity of a thin

peripheral stri p of the regions that the line bounds. Properties I ,

2, 3, and 4 can be used to compute a measure of the str .i i ghtnessof the

line . These properties are important for later use In the Interpretation

-—-—~~~- ~~~ - _ _ _ _ _ _ _ _
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phases of processing .

V. Post~pj~’ocess1ng

V . 1  T R I M I

Most unwan ted  l i n e  segments can he e l i m i n a t e d  on the bas i s  of low

cool idence (see V . 2 ) ,  hut It t u r n s  out  t ha t  c e r t a i n  kinds of l ow— c o n f i d e n c e

edges result as a consequence of the  id losy n c ra c ie s  of the p a r t i c u l a r

relaxation procedure employed. In  p a r t i c u l a r , spurious edges are some-

times formed because multip l e edge s on a grad ien t are m is takenl y believed

to be distinct boundaries , and any noise points remaining despite the

e ar l  h r  p r e p r o c e s s i n g  tages get bounded by “hubbies” (see below);

these unwan ted  edges are best removed b y a dis t inct process. Since they

can he d e t e c t e d  by t h e i r  “ topo log ica l ”  n a t u r e , they can be removed before

ti ne confidence generation process In V.2. ThIs improves the latter

p r o c e ( lu r ( - , as I s exp lained In that section.

Th JM I detects two kinds of unwanted edges: shor t edge—segments

W i ti n It I east  one order—one vertex — — called “spurs”, and some or all

of  t he edges surroundIng one—p ixel regions —— called “bubbles”. For

examp le, all edges marked with a cross in Figure 12 wIll be removed.

R e s t i l  ts of appl ying t his process are shown in Figure 13.

V .2 CONFIDENCE GENERATiON

The confidence associated with a line segment will be based upon a

measure  ol how d i s s i m i l a r  the p o i n t s  in the regions on e i the r  side of the

l i ne  a re  to each o t h e r .  W h i l e  each l i n e  segment has been generated f rom V

ed ges w h i c h  In t u r n  were formed on the  basis of local d iscon tinu i t i es ,

V 
— -  ___- - ~~~~~~~-‘-- - - - - ---~~~~~~~~~~~~~~ — --- -~

-—-
~~~~~~~~~~~~-- — —
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FIgur e 12 . A l l  edges mark.d ul th a cross w i l l  be r..oved to .l lslnot. bubbles’

fros the l uogs.

A. —SC

Fi gure 14. 81) should be eliminated as a low -conf ldw~o. edge AB and AC shou l d

be merged to form AC which, being l onger , w i l l  be more confident than AB or BC.



I 3o

Fi gure 13. Po.tproc.ssi ng . In Figure l3o the shor t edges and most of the
smallest ( I—p i xel) reg ions hove been removed from the data In Fi gure løb . -

-
-
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13$,.

Figur e 1%. Postprocess l ng app 1 led to the data In Figure %~ d.
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t h e  lin e confidence w i l l  re f  1e(: t t h e  global d i f f e re n c e  between the  regions

in ti ne neigh borhood of the  l ine .

For any l ine  segment L we conside r sets of pixels S1 and S2 on e i t he r

side of L. We now test the  hypothes is  H
1 

that the points in S
1 

and S2

belong to different regions, against H
0 

that points in S1 and S2 belong

to  the same region.  This statistical test is an extension of Yakimovsky

10], hut the manner in which it is emp loyed differs in an important

respect. Yakirnovsky used the test to form the edges which comprise

his boundaries. For each edge calculation, a prede termined nei ghborhood

was used for selecting the points in and S2. Each edge was processed

independentl y of each other , so the sets S
1 
and S

2 taken 
each time did

not necessaril y accuratel y reflec t the region structure formed by the

b o u n dar ,  as a whole. In our case, on the other hand , the entire boundary

is avai la ble for processing, and this allows a better determination of

the pixels which are to contribute to the analysis.

Let S0 he S1 u S2. Under hypothesis H~ , S0 is one region and will

be modelled by the normal distribution N(ti0,c0
); under hypothesis H1,

and S
2 

can he modell ed by N(ii1,o1) and N(ii 2,o2) respectively. A

maximum likelihood ana l ysis leads to

2 
flf)

(o )
P(L) =

2 °I 2~~ 2
~ ~

°2 ~

as a measure of the confidence of L, where 1S 11 = n1, I = 0,1,2,

and n0 01 + 
~‘2 [ 10 1.

Let S
1 

{ ( X
11 1Y 11, 1

11
), j 1. . .n~ }, I = 0, 1,2 , where 1~~ is the

i n t e n s i t y  of p ixel  (X 1~~~Y 1~~) in set S1
. The model described above assumei~

V - - -~



the I~ are normally distri buted about  mean , In d ep e n d e n t  of thlc i r

locat ion in  the  image , i.e ., I t  is supposed t h a t  the readings l~ are

governed by the probabilit y distribution s

(
~ )

2

- - - - - 
i _l_ - ‘

2o~~

Independentl y o f (X
1 , Y ) . We can improve t i n e  t es t proce dure  by us i ing

~ more sophi St I cIted st a t  1st i c al  mode l of tile r eg ions  on e i th e r  s i d e  U I

the putative segment L.

Rather than ;nssnime that there are no s p a t i a l  dependencies  in t ine

gaussian (Iist r Ihut loin ol the 1~~ in each region, We will i mprove t h e  model

by assuming that c iii vary  l i n e a r ly across  the region . This leads

*us to the concept of a dj~~~~4c mean ii , which is a function of the

sp a t i a l  coord ina tes , and represen t s  the  expected v a l ue  of t i n  in t en ~~i t y

a t  g iven  point  In the  region.  Our  model should he bet ter  t han t i n e  simp ler

(ifl~ s i nce  o b j e c t  b r ig l it n e s s es  in  rea l w o r l d  images a re  not u s u a l ly  constant.

bu t  vary  across the su r f a c e s  concerned . We w i l l  suppose tha t  at c i n i n

p o i n t  (X 11, Y
11

) t h e  I n t e n s i t y  is normall y distribut ed about tine dynamic

mean li t ( j )  = + ~n .X 4~ + Y .  T h i s  assumes t h a i  t h e r e  f i n  a c o n s t a n t

g rad ien t  of In t en s i t y  ( s t r e n g th  a 1 in tine X — d i r e c t l o n , h 1 in the  Y — d l  r i c t  i on )

ac ross the region , which w i l l  be f a i r l y r ea l i s t i c , a t  least  over  sma l l

par t s  of the  reg ion. To ensure the accuracy  of the  a n aly s i s , then ,

we see t h a t  the sets S 1 and should he composed ol p ix e l s  l y i n g  w i t h i n

a short  dis tance  of L.

The va l ues of a 1 and b 1 f o r  I = 0 , 1, 2 w i l L  be dete rmined  by a

least squares f i t .  In  those cases where there  are  no I n t e ns i t y  grad I cut  s ,
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a
1 

and b
1 will evaluate to zero , showing tha t our app roach  covers a l l

those cases where the simpler anal ysis would have been sufficient.

For each of the  sets S~ = {(x
i j~

Y1j~~
l
i
.)} we perform the following

computations :

I) 1)etermine cons t an t s  a i,  b 1, ii~ which minimize

S
1 

- (u 1 + a
1
X
11 

+ b . Y 1~~) ] 2

2) D e t e r m i n e  the variances (o~ ) by

* 7 (I
i j

_ f i
i
*( j ) ) 2

= - _ _ _ _ _

n~

The measure of the c o n fid e n c e  of L Is now given by

* 
2n
0

(O (~ )

P(L)
~~

2n
1 ~~

2n
2

~

or , alternative l y ,  but preserving the ordering of the confidences of the

vari ous l i n e  segments ,

* * *P(L)  n 0logo 0 
— m

1
logn

1 
— n2

logo
2

v~ 3 TR 1M2 -- Low Conf idence  Line Remova l

Line  segments can he removed on the basis of their relative confidence

r a t i n g s  by removing l ines  w i t h  confidences less than some threshold T.

linis process should be performed conservatively (with a low threshold)

for the fol lowing reason. Consider Figure 14 and suppose that AR and BC

have average confide nces , while that of BD is relatively low. Any

reasonable threshold should get rid of BD, bu t if it is set too high 4

t h e r e  is a danger tha t  e i ther  AR or BC could be removed as well.



This is to he avoided because as soon as BD is gone, ABC might become

a single line segment wi th  a inu :h higher confidence t han  that of either

AB or BC alone.

The process of removing weak and uncertain line segments may b un

performed I teratively. Instead of i mmediatel y adjusting threshold T

to what Is thought to be an optima l level , It can first he set to a lower

level T ’ . Lines of confidence < T’ will he removed , stage III group ing

r~app 1ied , 1” increased somewhat and the whole process repeated until

t ne desired level is reached . I n  fact , regro up ing could occur after

each line segment is removed .

VI. A h euristic Confidence Measure

In order to determine if there was any way of speeding up the confidence

analysis presented in V .2 we examined the relative effectiveness of a

s imple heuristic confidence measure.

*Le t L be the length of a line segment, and L the length of wha t

one would call a “long’S i~ ne —— say ~ the width of the image . Let C1 be

*the average contrast across the line and C the maximum average coo t rast

one would expect to see In an I mage —— say 3/4 of the difference between

the extremes of the intensity scale . Then define

Li 
normal i zed length Min(L

1
,L )/L

normalized contrast — Mln(C
1
,C ) / C

Our heuristic confidence measure for the line is given by

f — L
1 * C1 

— L
1
C
1
.

This value is 1 if either or C1 
alone equal 1, zero i f  both are  zero ,

and is monoton i ncreasing in l.~ . nid C
1 

for a l l  ot h e r  v a l ue ; .

- .  

__



36

iii F I gin res I . — 1$ ~ ‘. c’ ‘ni p . re ! in I cen t  I deoce measure with that

desc i i l n ~ d III V.). liii ~) i c t u r u ~ s U isp lay all those l ine segments with

( ( l i i i f 1 V l U ~~~~ ~ i e n t e r  t li,iii a suitabl y -; ~d t i n ,  u~ ;iiold v a l u e .  T t  w i l l

hi ~~~~~~ that both met liods do equall y well with regards  ass igning  h i g h

cont on e measu r es to long hi gli- cont rist lInes , such as the sides

of w i f l d o ws ot ho e n s , and l ow—confidence va lues  to many of the boundaries

I c x l  or e  € 1  enneints li t t lie I rces  and shrubbery.

i i .  does not  me~n n that tile “sophil ot icated” analysis of V.2 is

no go~n I .  On t h e  c o n t r a ry ,  i t  sets a s t anda rd  w i t h  which our h e u r is t  ft

.1 on  t e  i i n ; n v  he co mpa red . The heuristic shows I tsei f to produce very

in c u pt ;nb ie resii l t s , and if it proves  to be generally reliable , i t  is

u c o innnn nW d over the o t h e r  method due  to computa t iona l  e f f i c i e n c y .
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15a ISb

ISc

Figure 15. Ec~. imag.. which ~~~. used to cu~~a-. (ho two oonfldsnc. uea .res
d.scrtb.d in Lb. t.xt . In Figures 16 — 18 Lb... I mages ore shown Lhr..hold.d
at dtff .rwt l evel.. Du. Lo Lb. dlff.r.riL scales proè~c.d by Lb. two meo .res,

~ exact co~~ar l son Is i .po..Ibl., but m q.is ’ic~~ of eosparthl. threshold volu..

were cho.sn for Lb. two algorithms.
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18a 16.

lGf

F1ur. 18. Suoo~ slv. tk.ihold1,~~ of lbs edge esg. In Flqir. 15. F 1 . .
16. 16d show t ins :j.nt . with statistlost confldsna. esa~a’~~ ~sidsr

.uoosa.fv.iy dsor.o.lnp UresholdL Figure. 16. 1~ ihow lb. .~. w tth
tw.rI.tlc o.nfI1.no.e.o.~.r.s.

I
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17b h f

Figire 17. SuccsesIv. ftr.sholdIng. of the .dg. I mage In FIg ur e 15b. Figure.
17a — 17d show IIn.—s.g..nt. with statistical confidence es~~ur e. u,dsr
successively d.creamlng tl’resholds. FI gures 17. - 1~~ show the s~~s with
heuristic confidence measures.
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R

~ ~~~~~~ A

180 18.

18b 18f

Figir . 18. Successi ve tiresholdings of lb. edge I mage In Figure 15c. Figure.
18a — 18d show lIn.— ~~go.nts with statIstIca l confld.nc. measures .mdsr
suoceulv.$y decreas I ng threshol ds. Figures 18. - 1&i show Lb. sams with
hsirl.t Ic cOnf ldSAC. easure..
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