CHAPTER

EIGHT

HIGHER-LEVEL VISION

The artist is one who gives
form to difficude visions.
Theodore Gill

8.1 INTRODUCTION

For the purpose of categorizing the various techniques and approaches used in
machine vision, we¢ inmtroduced i Sec. 7.1 three broad subdivisions: low-,
medium-, and high-level vision. Low-level vision deals with basic sensing and
preprocessing, topics which were covered in some detail in Chap. 7. We may
view the material in that chapter as being instrumental in providing image and
other relevant information that is in a form suitable for subsequent inteligent
visual processing.

Although the concept of “intelligence™ is somewhat vague, particularly when
one is referring to a machine, it is not difficult to conceptualize the type of
behavior that we may, however grudgingly, characterize as intelligent. Several
characteristics come immediately to mind: (1) the ability o extract pertinent infor-
mation from a background of irrelevant details, (2) the capability to learn from
exampies and to generalize this knowledge so that it will apply in new and
different circamstances, (3) the ability to infer facts from incomplete information,
and (4) the capability to generate scH-motivated goals, and to formulate plans for
meeting these goals.

While it is possihle to design and implement a vision system with these
characteristics in a limited environment, we do not yet know how to endow it with
a range and depth of adaptive performance that comes even close to emulating
human vision. Although research in biological systems is continually uncovering
new and promising concepts, the state of the art in machine vision is for the most
part based on analytical formulations tailored to meet specific tasks. The time
frame in which we may have machines that approach human visual and other sen-
sory capabilities is open to speculation. It is of interest to note, however, that imi-
tating nature is not the only solution to this problem. The reader is undoubtedly
famiiar with early experimental airplanes equipped with flapping wings and other
birdlike features. Given that the objective s to fly between two points, our present
solution is quite different from the examples provided by nature. In terms of
speed and achievable altitude, this solution exceeds the capabilities of these exam-
ples by a wide margin.
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As indicated in Sec. 7.1, medium-level vision deals with topics in segmenta-
tion, description, and recognition of individual objects. It will be seen in the fol-
lowing sections that these topics eacompass a variety of approaches that are weli-
founded on analytical concepts. High-level vision deals with issues such as those
discussed in the preceding paragraph. Our knowledge of these areas and their
relationship to low- and medium-level vision is significantly mote vagpe and
specidative, leading to the formulation of constraints and idealizations intended to
simplify the complexity of this task.

The material discussed in this chapter introduces the reader to a broad range
of topics in state-of-the-art machine vision, with a strong orientation toward tech-
niques that are suitable for robotic vision. The material is subdivided into four
principal arcas. We begin the discussion with a detailed treatment of segmentation.
This is followed by a discussion of object description technigues. We then discuss
the principal approaches used in the recognition stage of a vision system. We con-
clude the chapter with a discussion of issues on the interpretation of visual infor-
mation.

8.2 SEGMENTATION

Segmentation is the process that subdivides a sensed scene into its constituent parts
or objects.  Segmentation is one of the most important elements of ar automated
vision systemn because it is at this stage of processing that objects are extracted
from a scene for subsequent recognition and analysis. Segmentation algorithms are
generally based on one of two basic principles: discontinuity and similarity. The
principal appreach in the first category is based on edge detection; the principal
approaches in the second category are based on thresholding and region growing.
These concepts are applicable to both static and dynamic (time-varying) scenes. In
the latter case, however, motion can often be used as a powerful cue to improve
the performance of segmentation algorithms.

8.2.1 Edge Linking and Beundary Detection

The techniques discussed in Sec. 7.6.4 detect intensity discontinuities. Ideally,
these techniques should yield only pixels lving on the boundary between objects
and the background. In practice, this set of pixels seldom characterizes a2 boun-
dary completely because of noise, breaks in the boundary due 10 nonuniform
illamination, and other effects that introduce spuricus intensity discontinuities.
Thus, edge detection algorithms are typically followed by linking and other boun-
dary detection procedures designed to assemble edge pixels into a meaningful set
of object boundaries. In the following discussion we consider several techniques
suited for this purpose.

Local Analysis. One of the simplest approaches for linking edge points is to
analyze the characteristics of pixels in a small neighborhood {e.g., 3 X 3 or 5 x 5)



364 ROBOTICS: CONTROL, SERSING. VISION, AND INTELLIGENCE

about every point {x, ¥} in an image that has undergone an edge detection pro-
cess. All points that are similar {as defined below) are linked, thus forming a
boundary of pixels that share some common properties,

There are two priacipal properties used for establishing simitarity of edge pix-
els in this kind of analysis: (1) the strength of the response of the gradient operator
used to produce the edge pixel, and (2) the direction of the gradient. The first
property is given by the value of G{f(x, ¥}1, as defined in Egs. (7.6-38) or (7.6~
39). Thus, we say that an edge pixel with coordinates (x, ) and in the predefined
neighborhood of (x, ¥) is similar in magnitude to the pixel at (x, y) if

WG[flx, )1 ~ G, Y & T {8.2-1)

where T is a threshold,
The direction of the gradient may be established from the angle of the gradient
vector given in Eq. (7.6-37). That is,

g = tan~! Gy {8.2-2)
G, ’

where 8 is the angle (measured with respect to the x axis) along which the rate of
change has the greatest magnitude, as indicated in Sec. 7.6.4. Then, we say that
an edge pixel at (x, ¥) in the predefined neighborhood of (x. y) has an angle
similar to the pixel at (x, v} if

6 — 6] < A (8.2-3)

where A is an angle threshold. It is noted that the direction of the edge at (x, y)
is, in reality, perpendicular to the direction of the gradient vector at that point.
However, for the purpose of comparing directions, Eq. (8.2-3) yields equivalent
results.

Based on the foregoing concepts, we link a point in the predefined neighbor-
hood of (x, v) to the pixel at (x, ¥) if both the magnitude and direction criteria
are satisfied. This process is repeated for every location in the image, keeping a
record of linked points as the center of the neighborhood is moved from pixel to
pixel. A simple bookkeeping procedure is to assign a different gray level to cach
set of linked edge pixels.

Example: As an illustration of the foregoing procedure, consider Fig. 8.1a,
which shows an image of the rear of a vehicle. The objective is to find rec-
tangles whose sizes makes them suitable license plate candidates. The forma-
tion of these rectangles can be accomplished by detecting strong horizontat and
vertical edges. Figure 8.10 and ¢ shows the horizontal and vertical com-
ponents of the Sobel operators discussed in Sec. 7.6.4. Finally, Fig. 8.1d
shows the results of linking all points which, simultaneously, had a gradient
value greater than 25 and whose gradient directions did not differ by more
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Figure 8.1 (o) Input image. (b} Horizontal component of the gradient. {c} Vertical com-
ponent of the gradient. (d) Result of edge Hnking. (Courtesy of Perceptics Corporation. }

thart 15°  The horizontal lines were formed by sequentially applying these
criteria (o every row of Fig. 8.1¢, while a sequential colemn scan of Fig, 8.1b
vielded the vertical lines. PFurther processing consisted of lnking edge seg-
ments separated by small breaks and deleting isolated short segments. £l

Global Analysis via the Hough Transform. In this section we consider the link-
ing of boundary points by determining whether or not they lie on a curve of
specified shape. Suppose initially that, given » points in the xv plane of an image,
we wish to find subsets that Hie on straight lines. One possible solution is to first
find all lines determined by every pair of poinis and then find all subsets of points
that are close to particular lines. The problem with this procedure is that it
involves finding a(a — 1)3/2 ~ n? lines and then performing nfr(n — 1)1/2 ~ »°
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comparisons of every point to all lines. This is computationally prohibitive in all
but the most trivial applications.

Fhis problem may be viewed in a different way using an approach proposed
by Hough [1962] and commonly referred to as the Hough transform. Consider a
point (x;, ;) and the general equation of a straight line in slope-intercept form,
¥; = ax; 4+ b. There is an infinite number of lines that pass through {x,, ¥, but
they all satisfy the equation y, = ax; -+ b for varying values of @ and b. How-
ever, if we write this equation as b = -xa 4 ¥, and consider the ab plane (alse
called parameter space), then we have the equation of a single line for a fixed pair
(x;, y;). Furthermore, a second point (x;, ¥;) will also have a line in parameter
space associated with i, and this line will intersect the line associated with {x;, ¥;)
at (&', b) where o' is the slope and b’ the intercept of the line containing both
{x;, ¥;) and (x;, y;) in the xy plane, In fact, all points contained on this line will
have lines in parameter space which intercept at (a’, b}, These concepts are illus-
trated in Fig. 8.2.

The computationa] attractiveness of the Hough transform arises from subdivid-
ing the parameter space into so-called accunmelaror cells, as illusirated in Fig. 8.3,
Where (s> Bmin } and (b, b ) are the expected ranges of slope and intercept
values. Accumulator cell A(é, j) corresponds to the square associated with param-
eter space coordinates (g, b;). Initially, these cells are set to zero. Then, for
every point (¥, ¥;) in the image plane, we let the parameter a equat each of the
allowed subdivision values on the a axis and solve for the corresponding b using
the equation b = -xwa + Y. The resulting b’s are then rounded off o the
nearest allowed value in the b axis. If a choice of a, results in solution b, we let
A(p, q) = A(p. q) + L. At the end of this procedure, a value of M in cell
Ali, j) corresponds to M points in the xy plane lying on the line y = ax + bj.
The accuracy of the colinearity of these points is established by the number of sub-
divisions in the ab plane.

{a} (3]

Figure 8.2 {@) xy Plane. (b) Parameter space.
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Figare 8.3 Quantization of the parameter plane into cells for use in the Hough transform.

It is noted that If we subdivide the ¢ axis into K increments, then for every
point {x,, ¥.) we obtain K values of b corresponding to the K possible values of
a. Since there are n image points, this involves nK computations, Thus, the pro-
cedure just discussed is linear in n, and the product nK does not approach the
number of computations discussed at the beginning of this section unless K
approaches or exceeds .

A problem with using the equation ¥ = ax -+ b to represenr a line is that
botk the slope and intercept approach infinity as the line approaches a vertical
position. One way around this difficulty is to use the normal representation of a
line, given by

xcosh + ysind = p (8.2-4)

The meaning of the parameters used in Eq. (8.2-4) is illustrated in Fig. 8.4a. The
use of this representation in constructing a table of accumulators is identical to the
method discussed above for the slepe-intercept representation; the only differcnce
is that, instead of straight lines, we now have sinuseidal curves in the fp plane.
As before, M colinear points lying on a line xcos8; + y sinf; = p; will yield M
sinusoidal curves which irercept at {f;, p;) in the parameter space. When we use
the method of incrementing ¢ and solving for the corresponding o, the procedure
will yield M entries in accumulator 4(7, f} associated with the cell determined by
{6;, p;3). The subdivision of the parameter space is illustrated in Fig. 8.46.

Example: An illustration of using the Hough transform based on Eq. (8.2-4)
is shown in Fig. 8.5. Figure 8.5¢ shows an image of an industrial piece, Fig.
8.5b is the gradient image, and Fig. 8.5¢ shows the fp plane displayed as an
image in which brightness level is proportional to the number of counts in the
accumuiators. The abscissa in this image corresponds to # and the ordinate to
p, with ranges £90° and *p ., respectively, In this case, o, was set
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Figare 8.4 () Normal representation of a line. ¢6) Quantization of the ¢ piane into cells.

equal to the distance from corner to corner in the original image. The center
of the square in Fig. 8.5¢ thus corresponds to & = 0° and p = 0. It is of
interest to note the bright spots (high accumulator counts) near 0° correspond-
ing 1w the vertical Hnes, and near +90° corresponding to the horizontal lines
in Fig. 8.55. The lines detected by this method are shown in Fig, 8.5d super-
imposed or the original image. The discrepancy is due fo the guantization
error of @ and p in the parameter space. O

Although our attention has been focused thus far on straight lines, the Hough
transform is applicable 1o any function of the form g(x, ¢) = 0, where X is a
vector of coordinates and ¢ is a vector of coefficients. For example, the locus of
points lying on the circle

x =) +1{y— 02)2 = 2 {8.2-5)

can easily be detected by using the approach discussed above. The basic
difference is that we now have three parameters, ¢, ¢, and 5, which result in a
three-dimensional parameter space with cubelike cells and accumulators of the
form A(i, j, £}. The procedure is to increment ¢, and c;, solve for the ¢; that
satisfies Eq. {8.2-5), and vpdate the accumulator corresponding to the cell associ-
ated with the triple (¢;, ¢, ¢z}, Clearly, the complexity of the Hough transform
is strongly dependent on the number of coordirates and coefficients in a given
functional representation.

Before leaving this sectior, we point out that further generalizations of the
Hough transform to detect curves with ne simple analytic representations are possi-
ble. These concepts, which are exlensions of the material presented above, are
treated in detail by Ballard [1981].
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Figure 8.5 (o} Image of & work piece. () Gradient image. {¢) Hough transform table.
{f) Detected lines superimposed on the original image. {Courtesy of D. Cate, Texas Instru-
menis, Inc.)

Global Analysis via Graph-Theoretic Technigues. The method discussed in the
previous section is based on having a set of edge points obtained typically through
a gradient operation. Since the gradient is a derivative, it enhances sharp varia-
tions in intensity and, therefore, is scldom suitable as a preprocessing siep in situa-
tions charactetized by high noise content. We now discuss a global approach based
on representing edge segments in the form of a graph structure and searching the
graph for low-cost paths which correspond to significant edges. This representa-
tion provides a rugged approach which performs well in the presence of noise. As
might be expected, the procedure is considerably more complicated and requires
more processing time than the methods discussed thus far.

We begin the development with some basic definitions. A graph G = (N, A)
is a finite, nonempty set of nodes N, together with a set A of unordered pairs of
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distinct elements of N. Each pair {(m;, n;) of A is cafled an arc. A graph in which
its arcs are directed is called a directed graph. If an arc is directed from node n; to
node n;, then n; is said to be a successor of its parenr node n;. The process of
identifying the successors of a node is called expansion of the node. In cach graph
we will define levels, such that level © consists of a single node, called the stare
node, and the nodes in the last level are called goa! nodes. A cost ¢(n;, n;) can be
associated with every arc (s, n;). A sequence of nodes n;, my, .. . .7y with
each node n; being 2 successor of node n;_, is called a path from ny 10 ny, and the
cost of the path is given by

&
co= Y clng ) (8.2-6)

i=2

Finally, we define an edge element as the boundary between two pixels p and ¢,
such that p and g are 4-neighbors, as illustrated in Fig. 8.6. In this context, an
edge is a sequence of edge elements.

In order 1o illustrate how the foregoing concepts apply to edge detection, con-
sider the 3 % 3 image shown in Fig. 8.7, where the outer numbers are pixel coor-
dinates and the numbers in parentheses represent intensity. With each cdge ele-
ment defined by pixels p and ¢ we associate the cost

clp, g3 = H— [flp) — flg)] (8.2-7)

where H is the highest intensity value in the image (7 in this example), f(p) is the
intensity value of p, and f{(g) is the imtensity value of g. As indicated above, p
and g are 4-neighbors.

The graph for this problem is shown in Fig. 8.8. Each node in this graph
corresponds to an edge element, and an arc exists between two nodes if the two
corresponding edge elements taken in succession can be part of an edge. The cost
of each edge element, computed using Eq. (8.2-7), is shown by the arc leading into
it, and goal nodes are shown in double rectangles. Each path between the start
node and a goal nede is a possible edge. For simplicity, it has been assumed that
the edge starts in the top row and terminates in the last row, so that the first ele-

. . -
- be LY’
. - [ ]

Figure 8.6 Edge element between pixels p and 4.
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Figore 8.7 A 3 x 3 image.

ment of an edge can only be [(0, 0), (0, 1)] or [0, I}, {0, 2)] and the last ele-
ment f(2, 0, (2, 1] or [(2, 1), (2. 23]. The minimum-cost path, computed
using Eq. {8.2-8), is shown dashed, and the corresponding edge is shown in Fig.
8.9.

In general, the problem of finding a minimum-cost path is not trivial from a
compuiational point of view. Typically, the approach is 1o sacrifice optimality for
the sake of speed, and the algorithm discussed below is representative of a class of

[N I E}E—-L>| (2.0 |'2.2)|

Figure 8.8 Graph used for finding an edge in the image of Fig. 8.7. The pair {a, b¥(c, d)
in each box refers to points p and ¢. respectively. Note that p is assumed to be to the right
of the path as the image is traversed from top to bottom. The dashed lincs indicate the
minimum-cost path. {Adapted from Martelli [1972], © Academic Press.}
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Figure 8.9 Edge corresponding to minimum-cost path in Fig. 8.8.

procedures which use heuristics in order to reduce the search effort. Let r(n) be
an estimate of the cost of a minimum-cost path from the start node s to a goal
node, where the path is constrained to go through #. This cost can be expressed
as the estimate of the cost of a minimum-cost path from 5 to », plus an estimate of
the cost of that path from n to a goal node; that is,

r{n) = gln) + hin) (8.2-8)

Here, g(n) can be chosen as the lowest-cost path from s to n found so far, and
h(n} is obtained by using any available heuristic information (e.g., expanding only
certain nodes based on previous costs in getting to that node). An algorithm that
uses r(n) as the basis for performing a graph search is as follows:

Step 1. Mark the start node OPEN and set g(5) = 0.

Step 2. If no node is OPEN, exit with failure; otherwise continue,

Step 3. Mark CLOSED the OPEN node n whose estimate r(n) computed from
Eqg. (8.2-8) is smallest. (Ties for minimum r values are resolved arbi-
trarily, but always in favor of a goal node.)

Step 4. If = is a goal node, exit with the solution path obtained by tracing back
through the pointers; otherwise continue.

Step 5. BExpand node n, generating all its successors. (H there are no successors,
go to step 2.)

Step 6. I a successor #; is not marked, set

rn) = g(n) + c(n, n)

mark it OPEN, and direct pointers from it back to .
Step 7. If a successor ; is marked CLOSED or OPEN, update its value by letting

gl = min[g(n;), g(n) + c(n, n;})

Mark OPEN those CLOSED successors whose g values were thus lowered
and redirect to n the pointers from all nodes whose g values were
lowered. Go to step 2.



IIIDIOIOUQ!IlI!IIII.l’wk'lll..l'l.l'!"...
ale _vEARL- FOMLLI 4IAX0A B rxRaleXe)rXeien
exus-T ¥ aMIE L FE¥E NPilaFet MR IZ AneXe
W E sZXXidm<Feimpiuvia o meduriditit, —iiiMe
whhtEe sMANAZ e I mait T2 o v @y L AmnKbivda e
WED ARNL S AmIeAd i BRI HRILE XabalonB, ARK) 2.
w1l 1arER IMEREAeeR)L PN Ze )L LZE XN b
sk e AFINPHMGRD]. FHTLIRFT o] ML XAZS L L Mee
1K) -BIXOOSEXNG L2Z. A~ Iep)@).seilllEANe
XML IREIRORNBRG S, o VAt XIXPDOS, | . ¢ TN
bl «IMEMAINTESBEA RIn) +AMHOIONLL Vi L0
wiZ ALIGIFANSARIGN X\ II1-HUAEEO8LL+ IR e
ALl NERININARPOE; vi I7) DEDBOOEIEAL ] LX),
o715 ) FEANXDBLRIGE) | OB IANLGBXL Gt v k)i »
it NI ALDBIAXSAMMENR: )M ORENRAGARNE =M Xid»
L LABISXDREDAGIME, . X1 GADIOUTHARN . ¢ 2AXS
A FL F-DANKILMABA RS =+, PEINROOEND, L B) ) s
WINFET 00 )3T AONRERE ) DEAG] [N A X} M
whE Ll kRO AMSNENMA S | I BN
RLLIK K41 3A00EE | &4 SNDD L OGENEIIM 1Dyl [ +
e Fed, % AAMFNEDE . KOA 0. JIDOBBERM BEX. 4
w13 Il A~ LAGH G id Inn =
CA1XAL) .- GUMEXLQRIER XDFAIDNOAGIAOOBL |+
Bl L SIAXKLMIIDXNARAMNGHGHNNGREREASANLT M
LT EP RO | A DO+ | 1 IFWRL
S1Z 1ZAK A I DGDNOEE XS L GA BRORBUIADR 1.+l
+ =B _IL:. M% IDDOINV;ZBBAL- XAGM, DT LAN, Av
w % s I KR XeQRIPOPR LK, 2 DNEARL . AAT¢ . »
#L1X RILINBPERXNAL GPORAUN| +«XAGAM Lk 1.
al= b AFRDNUAEAL TRLE IR ui e XE i) Reen
YT ) P LES: LT 1Tl RS LR L RER TR
sk - P RIER B IMEDOGAMA INGL L L E R Kils ) Kule
sul} L IEDOSOBRIBAMSL L IMIIIMILIMI Lt Rbr =T
Al KASADINPAAPEOK, « )3 s Ahi-F} 12 A= Ixe
SEID LA +3IIMDODEXNK, XNRL KK 2E IR sd1 Davhaw
wnl AR K3, G1X BIesLwiRlLAR el R W
PO SN TN STEN IR TTTS SET T T
wel MG LIX XYL eRmMRaMe=X) iy il ) ERILXMXS
SLAMRLABRLEMEILRIOL, o Fet XM INE <}, v INNTS
#el SN, bR DLFIMALBe e IMEL) fo =, 0w
CFOSE AL R LS o8 PRSP RS LE: P P LY NP F A 1)
NP CEBESRATEARERRRABIVRN RN RN NN PSRN TrRERSY

(e}

HIGHER-LEVEL vISioN 373

FA IR RE AR RN NSRRI NS R REITSRERRS

.
. -
. &+
. .
. .
. LITS M
. # ¥ M
" Py ] M
. 3 3 o -
. 3 ] Ed - .
. 9 L] 8 L] .
. i # L] 8 .
. 3 » # L] -
. 3 8 ® 4 *
. F] a & # L
" 3 4 3 -3 -
* 3 3 3 -] -
. E) 8 8 ] *
» B @ d *
3 B % 9 L) "
» ] 4 @ B .
. & a & 8 .
- -] B L] '] *
s 1] L ] L] .
* ] v 8 L *
» ) L] [} L3 L
» 3 B L0 .
» E] ] »
» ] ] *
. ] -] L
. 3 3 .
* 3 ¥ hd
+ El o% M
) 2 aIF *
. EL b
. .
. .
. L
. .
N .
Qll.llli'l'i.'llIi.l’hhﬁ'.ll.l.l.l.l..'”"

i

Figure 8.16 (a} Noisy image. (B) Resull of edge deiection by using the heuristic praph

search. {From Martelli [19761, € ACM.)

In generai, this algorithm is not guaranteed to find a minimum-cost path; its
advantage is speed via the use of heuristics. It can be shown, however, that if
h(n) is a lower bound on the cost of the minimal-cost path from node » o a goal
node, then the procedure will indeed find an optimal path to 2 goal (Harl et al.
[1968]). If no heuristic information is available (i.e., £ = 0) then the procedure
reduces 1o the uniform-cost algorithm of Dijkstra [1939].

Example: A typical result obtainable with this procedure is shown in Fig.
B.10. Part {@) of this figure shows a noisy image and Fig. 8.10b is the result
of edge segmentation by searching the corresponding graph for low-cost paths.
Heuristics were brought into play by not expanding those nodes whose cost

exceeded a given threshold,

0
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8.2.2 Threshoiding

The concept of thresholding was introduced in Sec. 7.6.3 as an operation involving
tests against a function of the form

T = 1Tlx v plx, 3), flx, 1] (8.2-9)

where f{x, y) is the intensity of point (x, y) and p(x. y) denotes some local pro-
perty measured in a neighborhood of this point. A thresholded image, g{x, y) is
created by defining

1 if flx, v) > T
glx, y) = \f e {8.2-10)

Lo iffe, T

so that pixels in gix, y) labeled 1 correspond to objects, while pixels labeled 0
correspond to the background. Equation (8.2-10) assumes that the intensity of
objects is greater than the intensity of the background. The opposite condition is
handled by reversing the sense of the inequalities.

Global vs. Loeal Thresholds. As indicated in Sec. 7.6.5, when T in Eq. (8.2-9)
depends only or f(x, ¥), the threshold is called global, If T depends or both
Fix, ¥y and p(x, y), then it is called a local threshold. H, in addition, T depends
on the spatial coordinates x and y, it is called a dynamic threshold.

Global thresholds have application in situations where there is clear definition
between objects and background, and where illumination iy relatively uniform,
The backlighting and structured lighting technigues discussed ia Sec. 7.3 usually
yield images that can be segmented by global thresholds. For the most part, arbi-
trary illumination of a work space yields images that, if handled by thresholding,
require some type of local analysis to compensate for effects such as nonuniformi-
ties in illumination, shadows, and refiections.

In the following discussion we consider a number of fechniques for selecting
segmentation thresholds. Although some of these technigues can be used for glo-
bal threshold sclection, they are usually employed in sitvations requiring local
threshold analysis.

Optimum Threshoid Selection. It is often possible to consider a histogram as
being formed by the sum of probability density functions. In the case of a bimodal
histogram the overall function approximating the histogram is given by

p(zy = Pipi(D) + Papp(2) (8.2-11)

where 7 is a random variable denoling intensity, p(z) and p,(z) are the probabil-
ity density functions, and P, and P, are called @ priori probabilitics. These last
two quantitics are simply the probabilities of occurrence of two types of intensity
levels in an image. For example, consider an image whose histogram is shown in
Fig. 8.11a. The overall histogram may be approximated by the sum of two proba-
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Figure 8.1% {¢) Infensity histogram. (&) Approximation as the sum of two probability
density functions.

bility density functions, as shown in Fig. 8.11b. If it is known that light pixels
represent objects and alse that 20 percent of the image area is occupied by object
pixels, then P, = 0.2, It is required that

P+ P =1 (8.2-12)
which simply says that, in this case, the remaining 80 percent are background pix-

els.
Let us form two functions of z, as follows:

I

di{z) = Pip(2) (8.2-13)

and dy(z) = Papa(2) (8.2-14)

It is known from decision theory {Tou and Gonzalez [1974]) that the average error
of misclassifying an object pixel as background, or vice versa, is minimized by
using the following rule: Given a pixel with intensity value z, we substitute that
value of z into Eqs. (8.2-13) and ¢8.2-14). Then, we classify the pixel as an object
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pixel if d,(z) > d,(z) or as background pixel if &,{z) > d,(z). The optimum
threshold is then given by the value of 7 for which d,(z) = dy(z). That is, set-
ting z = T in Egs. (8.2-13) and (8.2-14), we have that the optimum threshold
satisfies the eguation

Pop (1) = Pypa(D (8.2-1%)

Thus, if the functional forms of p {z} and p,(z) are known, we can use this equa-
tion to solve for the optimum threshold that separates objects from the bgckground.
Once this threshold is known, Eq. (8.2-10) can be used to segment a given image.

As an important iflustration of the use of Eg. (8.2-15), suppose that p, (2) and
p2(z) are gaussian probability density functions; that is,

) = Ly | B 3216
R R '
T 2 ’
and m(z) = \/2_;? exp — {%J (8.2-17)

Letting z = T in these expressions, substituting into Eq. (8.2-15), and simplifying
yields a quadratic equation in T:

AP + BT+ C=0 {8.2-18)
where
A= g — o}

B = 2{m o} — myot) (8.2-19)

il

20

g
el 2 2
C = oim3 — o¥m? + 2efei In
o187

The possibility of two solutions indicates that two threshold values may be
required to obtain an optimal solution.

If the standard deviations are equal, o, = ¢, = ¢, a single threshold is
sufficient:
m + m 2 P
T = — CRPR In— (8.2:20)
2 My — B P;
If ¢ =0or P = P,, the optimum threshold is just the average of the means.

The former condition simply means that both the object and background intensitics
are constant throughout the image. The laiter condition means that object and
background pixels are equaily likely to occur, & condition met whenever the
number of object pixels is equal to the number of background pixels in an image.
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Exampie: As an illustration of the concepts just discussed, consider the seg-
menlation of the mechanical parts shown in Fig. 8.i2a, where, for the
moment, we ignore the grid superimpesed on the image. Figure 8,125 shows
the resuit of computing a global histogram, litting it with a bimodal gaussian
density, establishing an optimum global threshold, and finally using this thres-
hold in Eq. (8.2-10) tv segment the image. As expected, the variations in
intensity rendered this approach virtually useless. A similar approach, how.
ever, can be carried out on a local basis by subdividing the image into subim-
ages, as defined by the grid in Fig. 8.12a.

After the image has been subdivided, a histogram is computed for each
subimage and a test of bimodality is conducted. The bimodal histograms are
fitted by a mixed gaussian density and the corresponding optimum threshold is
computed using Eqs, (8.2-18) and (8.2-19). No thresholds are computed for
subimages without bimodal histograms; instead, these regions are assigned
threshoids computed by interpolating the thresholds from neighboring subim-
ages that are bimodal. The histograms for each subimage are shown in Fig.
§.12¢, where the horizontal lines provide an indication of the refative scales of
these histograms. At the end of this procedure a second interpolation is car-
ried out on a point-by-point manner using neighboring thresholds so that every
point is assigned a threshold value, T{x, y). Note that this is a dysamic thres-
hold since it depends on the spatial coordinates (x, y). A display of how
T(x, ¥) varies as a function of position is shown in Fig. 8.124.

Finally, a thresholded image is created by comparing every pixel in the
original image against its corresponding threshold. The result of using this
method in this particular case is shown in Fig. 8.12¢. The improvement over
a single, glohal threshold is evident. It is of interest to note that this method
involves local analysis to establish the threshold for each cell, and that these
local thresholds are interpolated to create a dynamic threshold which is finally
used for segmentation. ]

'The approach developed above is applicable to the selection of multipie thres-
helds. Suppose that we can model z multimodal histogram as the sum of # proba-
bility density funictions so that

p@) = Pip(z) + - + Ppu(2) {8.2-21)
Then, the optimum thresholding problem may be viewed as classifying a given

pixcl as belonging 10 one of r possible categories. The minimum-error decision
rule is now based on n functions of the form

di{zy = PipA{2) i=12,...,n (8.2-22)

A given pixel with intensity z is assigned to the ith category if di(2) > d;{z},
J=1,2,...,nm j# k. As before, the optimum threshold between category &
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Figure 8.12 (s} tmage of mechanical parts showing loecal-region grid. ¢6) Result of plobal
thresholding. (¢) Histograms of subimages. (d) Display of dynamic shreshold. (¢) Result of
dynamic threshoiding. (From Rosenfeld and Kak [1982], courtesy of A. Rosenfeid.}
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and category j, denoted by Ty, is obtained by solving the equation
Bip (i) = Pipi (1) (8.2-23)

As indicated in Sec. 7.6.5, the real problem with using multiple histogram thres-
holds lies in establishing meaningful histogram modes.

Threshold Selection Based on Boundary Characteristics. One of the most
important aspects of selecting a thresheld is the capability to reliably identify the
mode peaks in a given histogram. This is particularly important for automatic
threshold selection in situations where image characteristics can change over a
broad range of intensity distributions. Based on the discussion in the last two sec-
tions, it is intuitively evident that the chances of selecting a “good” threshold
should be considerably enmhanced if the histogram peaks are tall, rarrow, sym-
metric, and separated by deep valleys.

One approach for improving the shape of histograms'is to consider only those
pixels that lie on or near the boundary between objects and the background. One
immediate and obvious improvement is that this makes histograms less dependent
on the relative size between objects and the background. For instance, the inten-
sity histogram of an image composed of a large, nearly constant background area
and one small object would be dominated by a large peak duc to the concentration
of background pixels. If, on the other hand, only the pixels on or near the boun-
dary between the object and the background were used, the resulting histogram
would have peaks whose heights are more balanced. In addition, the probability
that a given pixel lies near the edge of an object is usually equal to the probabitity
that it lies on the edge of the background, thus improving the symmetry of the his-
togram peaks. Finally, as will be seen below, using pixels that salisly some sim-
ple measures based on gradient and Laplacian operators has a tendency to deepen
the vailey between histogram peaks.

The principal problem with the foregoing commenis is that they implicitly
assume that the boundary between objects and background is known. This infor-
mation s clearly not avaiiable during segmentation since finding a division
between objects and background is precisely the ultimate goal of the procedures
discussed here. However, we know from the material in Sec. 7.6.4 that an indica-
tion of whether a pixel is on an edge may be obtained by computing its gradient.
In addition, use of the Laplacian can yield infermation regarding whether a given
pixel lies on the dark (e.g.. background) or light (object) side of an edge. Since,
as discussed in Sec. 7.6.4, the Laplacian is zero on the interior of an ideal ramp
edge, we may expect in practice that the valleys of histograms formed from the
pixels selected by a gradient/Laplacian criterion to be sparsely populated. This
property produces the highly desirable deep valleys mentioned earlier in this scc-
tion.

The gradient, G[f(x, y)], at any point in an image is given by Eq, {7.6-38)
or (7.6-39). Simitarly, the Laplacian Lf f(x, ¥}] is given by Eq. (7.6-47}). We may
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use these two quantities to form a three-level image, as follows:

0 if Glfix, i< T
sx, y) = < + HGlfx. 1 2 Tad LIfx, 1 20 (8224
- HGLf(x )] 2 Tand LEf(x, v}] < 0

where the symbols 0, +, and — represent any three distinct gray levels, and T is
a threshold. Assuming a dark object on a light background, and with reference 1o
Fig. 7-348, the use of Eq. (8.2-24) produces an image s(x, y) is which all pixels
which are not on an edge (as determined by G[f{x, y)] being less than T are
labeled 0,7 all pixels on the dark side of an edge are labeled -+, and all pixels
on the light side of an edge are labeled “—.” The symbols + and — in Bg. (8.2-
24} are reversed for a light object on a dark background. Figure 8.13 shows the
labeling produced by Eqg. (8.2-24) for an image of a dark, underlined stroke writ-
ten on a light background.

The information obtained by using the procedure just discussed can be used to
generate a segmented, binary image in whick 1's correspond to objects of interest
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Figure 8.13 Image of a handwritten stroke coded by using Eq.(8.2-24). (From White and
Rohrer [1983], ©18M.}
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and (s correspond to the background. First we note that the transition (along a
horizontal or vertical scan line) from a light background to a dark object must be
characterized by the occurrence of 2 — followed by a2 + in s(x, ¥). The interior
of the object is composed of pixels which are labeled cither 0 or +. Finally, the
{rapsifion from the object back to the background is characterized by the
occurrence of & + followed by a —. Thus we have that a horizontal or vertical
scan ling containing a section of an object has the foliowing structure:

€ H— 4300 +3 0+, =) -+ )

where ( - - - ) represenis any combination of +., —, or 0. The innermost
parentheses contain object points and are labeled 1. All other pixels zlong the
same scan line are labeled 0, with the exception of any sequence of (0 or +)
bounded by ( —, + ) aad (4, -,

Example: As an ilustration of the concepts just discussed, consider Fig,
8.14a which shows an image of an ordinary scenic baok check. Figure 8.15
shows the histogram as a function of gradient values for pixels with gradients
greater than 5. It is noted that this histogram has the properties discussed ear-
lier. That is, it has two dominant modes which are symmetric, nearly of the
same height, and are separated by a distinet valley. Finally, Fig, 8.14F shows
the segmented image obtained by using Eq. (8.2-24) with T near the midpoint
of the valley. The result was made binary by using the sequence analysis dis-
cussed above, |

Figure 8.f4 (43 Original image. (#} Segmented image. (From White and Rohrer [1983],
SIBM.)
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Figure 8.15 Histogram of pixels with gradients greater than 5. (From White and Rohrer
[1983, ©€IBMI)

Thresholds Based on Several Variables. The technigues discussed thus far deal
with thresholding a single intensity variable. In some applications it is possible to
use more than one variable to characterize cach pixel in an image, thus enhancing
the capability to differentiate not only between objects and background, but also (o
distinguish between objects themselves. A notable example is color sensing, where
red, green, and blue (RGB) components are used to form a composite color image.
In this case, each pixel is characterized by three values and it becomes possible 1o
construct a three-dinensional histogram. The basic procedure is the same as that
used for one variable, For example, given three 16-level images corresponding to
the RGB components of a color sensor, we form a 16 X 16 X 16 grid (cube} and
insert in each cell of the cube the number of pixels whose RGB components have
intensities corresponding to the coordinates defining the location of that particular
ceill. Each entry can then be divided by the total number of pixels in the image to
form a normalized histogram.

The concept of threshold selection now becomes that of finding clusters of
points in three-dimensional space, where each “tght™ cluster is analogous to a
dominant mode in a one-variable histogram. Suppose, for example, that we find
two significant clusters of peints in a given histogram, where one cluster
corresponds to objects and the other to the background. Keeping in mind that each
pixel now has three components and, therefore, may be viewed as a point in
three-dimensional space, we can segment an image by using the following pro-
cedure: For every pixel in the image we compate the distance between that pixel
and the centroid of each cluster. Then, if the pixel is closer to the centroid of the
object cluster, we label it with a 1: otherwise, we label it with a 0. This concept
is easily extendible to more pixel components and, certainly, to more clusiers.
The principal difficulty is that finding meaningful clusters generally becomes an
increasingly complex task as the number of variables is increased. The reader
interested in further pursuing techniques for cluster seeking can consult, for exam-
ple, the book by Tou and Gonzalez [1974]. This and other related techniques for
segmentation are surveyed by Fu and Mui [1981].
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Example: As an illustration of the multivariable histogram approach, consider
Fig. 8.16. Part (a) of this image is a monachrome image of a color photo-
graph. The original color image was composed of three 16-level RGB images.
For our purposes, it is sufficient to note that the scarf and ene of the flowers
were a vivid red, and that the hair and facial colors were lLight and different in
spectral characteristics from the window and other background features.

Figure 8.160 was obtained by thresholding about a histogram cluster
which was known to contain RGB components representative of flesh tones, It
is important 10 note that the window, which in the monochrome image has a
range of intensities close to those of the hair, does not appear in the seg-
mented image because its multispectral characteristics are guite different, The
fact that some small regions on top of the subject’s hair appear in the seg-
mented image indicates that their color is similar to flesh tones. Figure 8.16¢
was obtained by thresholding abeout a cluster close to the red axis. In this case

.

Figure 8.16 Segmentation by multivariable threshokd approach. (From Gonzalez and Winiz
[1977], © Addison-Weskey.)
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only the scarf, the red flower, and a few isolated points appeared in the seg-
mented image. The threshold used to oblain both results was a distance of
one cell. Thus, any pixels whose components placed them within a unit dis-
tance from the centroid of the cluster under comsideration were coded white.
Al other pixels were coded black. [

8.2.3 Region-Oriented Segmentation

Basic Formulation. The objective of segmentation is to partitien an image into
regions. In Sec. 8.2.1 we approached this problem by finding boundaries between
regions based on intensity discontinuitics, while in Sec. 8.2.2 segmentation was
accomplished via thresholds based on the distribution of pixel properties, such as
intensity or color. In this section we discuss segmentation techniques that are
based on finding the regions directly.

Let R represent the entire image region. We may view segmentation as a pro-

cess that partitions K into # subregions, Ry, K., . . . | R,, such that
n

1. ‘LJIR,- = R
im

2. R; is a connected region, § = 1,2, ... ,#

3.8 N R, = ¢foralliand j, i # j

PRy = TRUE fori = 1,2,...,n
- PR, U R;}) = FALSE fori # |

h B

where P(R;} is a logical predicate defined over the points in set R;, and ¢ is the
rull set.

Condition 1 indicates that the segmentation must be compiete; that is, every
pixel must be in a region. The second condition requires that points in a region
must be connected (sec Sec. 7.5.2 regarding connectivity). Condition 3 indicates
that the regions must be disjoint. Condition 4 deals with the properties that must
be satisfied by the pixels in a segmented region. One simple example is: P(R;) =
TRUE if ali pixels in R; have the same intensity. Finally, condition 3 indicates
that regions R; and R; are different in the sense of predicate P. The use of these
conditions in segmentation algorithms is discussed in the following subsections.

Region Growing by Pixel Aggregation. As implied by its name, region growing
is a procedure that groups pixels or subregions imte larger regions. The simplest
of these approaches is pixel aggregarion, where we start with a set of “seed”
points and from these grow regions by appending to cach seed point those neigh-
boring pixels that have similar properties (e.g., intensity, texture, or color). As a
simple illystration of this procedure consider Fig, 8.17a, where the numbers inside
the cells represent intensity values. Let the peints with coerdinates (3, 2) and (3,
4) be used as seeds. Using two starting points wili result in a scgmentation con-
sisting of, at most, two regions: R| associated with seed (3, 2) and R, associated
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Figure 8.17 Example of region growing using known starting points. {a) Original image
array. (D) Segmentation resuit using an absolute difference of less than 3 between intensity
fevels, (¢) Resuit using an absolute difference less than 8. {From Gonzalez and Winiz
[1977], © Addison-Wesley )

with seed (3, 4). The property P that we will use to include a pixel in either
region is that the absolute difference between the intensity of the pixel and the
intensity of the seed be less than a threshold T (any pixel that satisfies this pro-
perty simultaneously for .both seeds is arbitrarily assigned to regions R;). The
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result obtained using T = 3 is shown in Fig. 8.17b. In this case, the scgmenta-
tion consists of two regions, where the peints in R, are denoted by a’s and the
points in R by ¥'s. It is noted that any starting point in either of these two result-
ing regions would have yiclded the same result. I, on the other hand, we had
chosen T = 8, a single region would have resulted, as shown in Fig. 8.17c.

The preceding example, while simple in nature, points out some important
problems in region growing, Twe immediate problems are the selection of initial
seeds that properdy represent regions of interest and the selection of suitable pro-
pertics for including points in the various regions during the growing process.
Selecting a set of one or more starting points can often be based on the nature of
the probiem. For example, in military applications of infrared imaging, targets of
interest are hotter (and thus appear brighter) than the background. Choosing the
brightest pixels is then 2 matural starting point for a region-growing algorithm.
When a priori information is not available, one may proceed by computing at
every pixel the same set of properties that will ultimately be used to assign pixels
to regions during the growing process. If the result of this computation shows
clusters of values, then the pixels whose properties place them near the centroid of
these clusters can be used as seeds. For instance, in the example given sbove, a
histogram of intensities would show that points with intensity of § and 7 are the
most predeminant,

The selection of similarity criteria is dependent not only on the problem under
consideration, but also on the type of image data available. For cxampile, the
analysis of land-use satellite imagery is heavily dependent on the use of color.
This problem would be significantly more difficult to handle by using monochrome
images alone. Unfortunately, the availability of multispectral and other comple-
mentary image data is the exception, rather than the rule, in industrial computer
vision. Typically, region analysis must be carried out using a set of descriptors
based on intensity and spatial properties {e.g., moments, texture) of a single image
source. A discussion of descriptors useful for region characterization is given in
Sec. 8.3,

It is important to note that descriptors alone can yield misleading results if
conpectivity or adjacency information is not used in the region growing process.
An illustration of this is easily visualized by considering a random arrangement of
pixels with only three distinct intensity values. Grouping pixels with the same
intensity to form a “region” without paying attention to connectivity would yield a
segmentation result that is meaningless in the context of this discussion.

Another impertant problem in region growing is the formulation of a stopping
rule. Basically, we stop growing a region when no more pixels satisfy the criteria
for inclusion in that region. We mentioned above criteria such as intensity, tex-
ture, and color, which are local in nature and de net take into account the “his-
tory” of region growth. Additionaf criteria that increase the power of a region-
growing algorithim incorporate the concept of size, likeness between a candidate
pixel ard the pixels grown thus far {e.g., a comparison of the intensity of a candi-
date and the average intensity of the region), and the shape of a given region being
grown, The use of these types of descriptors is based on the assumpiion that a
model of expected results is, at least, partially available.
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Region Splitting and Merging. The procedure discussed above grows regions
starting from a given set of seed points. An alternative is to initialy sybdivide an
image into a set of arbitrary, disjoint regions and then merge and/or split the
regions in an attempt to satisfy the conditions stated at the beginning of this sec-
tion. A split and merge algorithm which iteratively works toward satisfying these
constraints may be explained as follows,

Let R represent the entire image region, and select a predicate P. Assuming a
square image, one appreach for segmenting R is to successively subdivide it into
smaller and smaller quadrant regions such that, for any region R; P(R;) =
TRUE. The procedure starts with the entire region R, If P(R) = FALSE, we
divide the image into quadrants. If P is FALSE for any quadrant, we subdivide
that quadrant into subquadrants, and so on. This particular splitting technigue has
4 Convenient representation i the form of a so-called guadtree {ie., a tree in
whick each node has exactly four descendants}. A simple illustration is shown in
Fig. 8.18. It is noted that the root of the tree corresponds to the entire image and
that each node corresponds to a subdivision. In this case, only R; was subdivided
further.

Ry L&

{u}

® ®

Figure 8.18 {g) Partitioned image. (5} Correspending quadiree.

th)
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If we used only splitting, it is likely that the final partition would contain adja-
cent regions with identical properties. This may be remedied by allowing merg-
ing, as weli as splitting. In order to satisfy the segmentation conditions stated ear-
licr, we merge only adjacent regions whose combined pixels satisfy the predicate
P; that is, we merge two adjacent regions R; and R, only if P(R, U R} =
TRUE.

The preceding discussion may be summarized by the following procedure in
which, at any step, we

1. Split into four disjoint quadrants any region R; for which P(R;) = FALSE
2. Merge any adjacent regions R, and R, for which P(R; U R;) = TRUE
3. Stop when no further merging or splitting is possible

A number of variations of this basic theme are possible (Horowitz and Pavlidis
[1974]). For example, one possibility is to initially split the image into a set of
square blocks. Further splitting is carried out as above, but merging is initially
limited to groups of four blocks which are descendants in the quadiree representa-
tion and which satisfy the predicate P. When no further mergings of this type are
possible, the procedure is terminated by one final merging of regions satisfying
step 2 above. At this point, the regions that are merged may be of different sizes.
The principal advantage of this approach is that it uses the same quadtree for splis-
ting and merging, until the final merging step,

Example: An iflustration of the split and merge algorithm discussed above is
shown in Fig. 8.19. The image under consideration consists of a single object
and background, For simplicity, we assume that both the object and back-
ground have constant intensities and that P(R,) = TRUE if ali pixels in R,
have the same intensity. Then, for the entire image region R, it foliows that
P{R) = FALSF, s0 the image is split as shown in Fig. 8.19a. In the next
step, only the top left region satisfies the predicate so it is not chaaged, while
the other three guadrant regions are split into subguadrants, as shown in Fig.
8.19b. At this point several regions can be merged, with the exception of the
two subguadrants that include the lower part of the object; these do not satisfy
the predicate and must be split further. The results of the split and merge
operation are shown in Fig. 8.19c. At this point all regions satisfy P, and
merging the appropriate regions from the last split operation yields the final,
segmented resuit shown in Fig. 8.194. £l

8.2.4 The Use of Motion

Motion is a powerful cue used by humans and other animals in extracting objects
of interest from the background. In robot vision. motion arises in conveyor belt
applications, by motion of a sensor mounted on a moviag arm or, more rarely, by
motion of the entire robot system. In this subsection we discuss the use of motion
for segmentation from the point of view of image differencing.
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) fd)

Figure 8.19 Example of split and merge aigorithm.

Basic Approach. One of the simplest approaches for detecting changes between
two image frames f(x, v, ) and f(x, ». 7;) taken at times f; and #;, respectively,
is to compare the iweo images on a pixel-by-pixel basis. One procedure for doing
this is to form a difference image.

Suppose that we have a reference image containing only stationary com-
ponents. I we compare this image against a subseguent image having the same
environment but including a moving object, the difference of the two images will
cancel the stationary components, leaving only nonzero entries that correspond to
the nonstationary image components.

A difference image between two images taken at times # and ¢, may be
defined as

C1 i vt = flx, oyl > 8
&iix, ¥y = (8.2-25)
O otherwise
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where ¢ is a threshold.

It is noted that 4;(x, ¥) has a | at spatal coordinates

{x, ¥) only if the intensity difference between the two images is appreciably

different at those coordinates, as determined by the threshold 6.

In dynamic image analysis, all pixels in d;;(x, y) with value 1 are considered

the resuit of object motion.

This approach is applicable enly if the two images are

registered and the illamination is relatively constant within the bounds established

by 8.

In practice, i-valued entries m d;;(x, ¥) often arise as a result of noise.

Typically, these will be isolated points in the difference image andé a simple

approach for their removal is to form 4- or 8-connected regions of 1's in d;{x, ¥)

and then ignore any rcgion that has less than a predetermined number of entries.

This may resuit in ignoring small and/or slow-moving objects, but it enhances the
chances that the remaining entries in the difference image are truly due to motion.

1

ey

()

(¢) Difference image.

(b} Image faken at time f.

i

Figure 8.26 (1) hnege taken at time ¢,

i

{From Jain [1981], ©1EEE.)
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The foregoing concepts are illustrated in Fig. 8.20. Part {a) of this figure
shows a reference image frame taken at time 7, and containing a single object of
constant intensity that is moving with uniform velocity over a background surface,
also of constant intensity. Figure 8.20b shows a current frame taken at time ¢,
and Fig. 8.20c shows the difference image computed using Eg. (8.2-25) with a
threshold farger than the constant background intensity. It is noted that two digjoint
regions were gencraied by the differencing process: one region is the result of the
leading cdge and the other of the trailing edge of the moving object.

Accumulative Differences. As indicated above, a difference image will often con-
tain isolated entries that are due to noise. Although the number of these entries
can be reduced or completely eliminated by a thresholded connectivity analysis,
this filtering process can also remove small or slow-rmoving objects. The approach
discussed in this section addresses this problem by considering changes at a pixel
location on several frames, thus inroducing a “memory™ into the process. The
basic idea is to ignore those changes which oceur only sporadically over a frame
sequence and can, therefore, be attributed to random noise.

Consider a sequence of image frames flx, v, ), fx, ¥y by ...,
Slx, v, 1,0, and fet fix, v, 1;) be the reference image. An accumulative difference
image is formed by comparing this reference image with every subsequent image
in the seguence. A counter for each pixel location in the accumuiative image is
incremented every time that there is a difference at that pixel location between the
reference and an image in the sequence. Thus, when the kth frame is being com-
pared with the reference, the entry in a given pixel of the accumulative image
gives the number of times the intensity at that position was different from the
corresponding pixel value in the reference iage. Differences are established, for
exarople, by use of Bg. (8.2-23).

The foregoing concepts are illustrated in Fig. 8.21. Parts (g) through (¢) of
this figure show a rectangular object (denoted by 07} that is moving to the right
with constant velocity of 1 pixcl/frame. The images shown represent instants of
time corresponding to one pixel displacement. Figure 8.21a is the reference image
frame, Figs. 8.21h to 4 are frames 2 to 4 in the sequence, and Fig. 8.2le is the
eleventh frame. Figures 8.21f to { are the corresponding accumulative images,
which may be explained as follows, In Fig. 8.21f, the left column of 1's is due to
differences between the object in Fig. 8.21a and the background in Fig. 8.21b.
The right column of I's is caused by differences between the background in the
reference image and the leading edge of the moving object. By the time of the
fourth frame (Fig. B.21d), the first nonzero column of the accumulative difference
image shows three counts, indicating three total differences between that column in
the reference image and the corresponding celumn in the subsequent frames.
Finally, Fig. 821a shows a total of 10 (represented by “A” in hexadecimal)
changes at that location. The other entries in that figure are explained in a similar
MaEnner.,

It is often useful to consider three types of accumulative difference images:
absolute {AADI). positive (PADI), and negative (NADI). The latter two quantities
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Figure 8.21 (a) Reference image frame. () to (¢) Frames 2, 3, 4, and 11. (f) to £} Accu-
mulative difference images for frames 2, 3, 4, and 11, (From Fain {1981], ©1EEE.)

are obtained by using Eq. (8.2-25) without the absolute value and by using the
reference frame instead of f(x, v, ;). Assuming that the intensities of an object
are numericafly greater than the background, if the difference is positive, it is com-
pared with a positive threshold; if it is negative, the difference is compared with a
negative threshold. This definition is reversed if the intensities of the object are
less than the background.

Example: Figure 8.22a to ¢ show the AADI, PADI, and NADI for a 20 x 20
pixel object whose infensity is greater than the backgrouad, and which is mov-
ing with constant velocity in a south-easterly direction. It is important to note



HIGHER-LEVEL VISION 393

that the spatial growth of the PADI stops when the object is displaced from its
original position. In other words, when an object whose intensities are greater
than the background is completely displaced from its position in the reference
image, there will be no new entries generated in the positive accumulative
difference image. Thus, when its growth stops, the PADI gives the initial
location of the obiect in the reference frame. As will be seen below, this pro-
perey can be used to advantage in creating a reference from a dypamic
sequenee of mmages. It is also noted in Fig. 8.22 that the AADI contains the
regions of both the PADI and NADI, and that the entrics in these images give
an indication of the speed and direction of object movement, The images in
Fig. 8.22 are shown in intensity-coded form in Fig. 8.23. o

Establishing a Reference Image. A key to the success of the techmiques discussed
in the previous two sections is having a reference image against which subsequent
comparisons can be made. As indicated earlier, the difference between two images
in a dynamic imaging problem has the tendency to cancel ali stationary
components, leaving only image elements that correspond to roise and to the mov-
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Figure 8.22 (@) Absohue, {b) positive, and {c} negative accumnulative differeace images for
a 20 » 20 pixel object with intensity greaier than the background and moving in a south-
easterly direction. (From Jain [1983], courtesy of R. Jain.)
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Figure 8.23 Intensity-coded accumulative difference images for Fig. 8.22. (o) AADI, (b)
PADI, and (¢) NADE (From Jain {1983}, courtesy of R, Rain

ing objects. The noise problem can be handled by the filtering approach discussed
earlier or by forming an accumuiative difference image.

In practice, it is not always possible to obtain a reference image with only sta-
tionary elements and it becomes necessary to build a reference from a set of
Images containing one or more moviag objects. This is particularty true ia situa-
tions describing busy scenes or in cases where frequent updating is required. One
procedure for generating a reference image is as follows: Suppose that we consider
the first image in a sequence to be the reference image. When a nonstationary
component has moved completely out of its position in the reference frame, the
corresponding background in the present frame can be duplicated in the location
originally eccupied by the object in the reference frame. When all moving objects
have moved completely out of their original positions, 2 reference image contain-
ing only stationary components wiil have been created. Object displacement can
be established by monitoring the growth of the PADI.
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Figure 8.24 Two image frames of a traffic scene, There are two principai moving objects:
a white car in the middle of the picture and # pedestrian on the lower lefl. (From Jain
[i981], ©IEEE.

Example: An illustration of the approach just discussed is shown in Figs. 8.24
and 8.25. Figure §.24 shows two image frames of a traffic intersection. The
first image is considered the reference, and the second depicts the same scene
some time later. The principal moving features are the automobile meving
from left to right and a pedestrian crossing the street in the bottom left of the
picture.  Removal of the moving automobile is shown in Fig. 8.25a. The
pedestrian is removed in Fig. 8256, {

8.3 DESCRIPTION

The description problem in vision is one of extracting features from an object for
the purpose of recognition. Ideally, descriptors should be independent of object
size, location, and oriestation and should contain enough discriminatory informa-

Figure 8.25 {«) Image with astomobile removed and background restored. (b} Tmage with
pedestrian removed and background restored. The Iatter image can be uscd as a reference.
(From Jain [1981}, ©IEEE.)
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tion to uniquely identify one object from another. Description is a central issue in
the design of vision systems in the sense that descripters affect not only the com-
plexity of recognition algorithms but also their performance. In Secs. 8.3.1, 8.3.2,
and 8.4, respeciive]y, we subdivide descriptors into three principal categories:
boundary descriptors, regional descriptors, and descriptors suitable for representing
three-dimensional stractures.

8.3.1 Boundary Descriptors

Chain Codes. Chain codes are used fo represeni a boundary as a set of straight
line segments of specified length and direction. Typically, this representation is
established on 4 rectangular grid using 4- or 8-connectivity, as shown in Fig. 8.26.
The length of each segment is established by the resolution of the grid, and the
directions are given by the code chosen. Tt is noted that two bits are suflicient to
represent all directions in the 4-code, and three bits are needed for the 8-code. Of
course, it is possible to specify chain codes with more directions, but the codes
shown in Fig. 8.26 are the ones most often used in practice.

To generate the chain code of a given boundary we first select a grid spacing,
as shown in Fig. 8.27a. Then, if a cell is more than a specified amount (usually
30 percent) inside the boundary, we assign a 1 to that cell; otherwise, we assign it
a 0. Figare 8.27b illustrates this process, where cells with valve 1 are shown
dark. Finally, we code the boundary between the two regions using the direction
codes given in Fig. 8.26a. The result is shown in Fig. 8.27¢, where the coding
was started at the dot and proceeded in a clockwise direction. An alternate pro-
cedure is to subdivide the boundary into segments of equal length (i.c., each seg-
ment having the same number of pixels), connecting the endpoints of each segment
with a straight line, and assigning o each line the direction closest to one of the
allowed chain-code directions. An example of this approach using four directions
is shown in Fig. 828,

N/
I\

| f* 7

{4} {3

Figure 8.26 (g} 4-directional chain code. (b) 8-directional chain code.
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far €]

Chain code; 0530011033323 +«-
(<)

Figure 8.27 Steps in obtaining a chain code. The dot in (¢) indicates the starting point.

It is important to note that the chain code of a given boundary depends upon
the starting point. It is possible, however, 10 normalize the code by a straight-
forward procedure: Given a chain code generated by starting in an arbitrary posi-
tion, we freat it as a circular sequence of direction numbers and redefine the start-
ing point so that the resulting sequence of numbers forms an integer of minimum
magnitude. We can also normalize for rotation by using the first difference of the
chain code, instead of the code itself. The difference is computed simply by
counting {in a counterclockwise manner) the number of directions that separate (wo
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134322211

Figure 8.28 Generation of chain code by boundary subdivision,

adjacent clements of the code. For instance, the first difference of the 4-direction
chain code 10163322 is 3133030, If we treat the code as a circular sequence, then
the first element of the difference is computed using the transition between the last
and first components of the chain. In this example the result is 33133030. Size
normalization can be achieved by subdividing all object boundaries into the same
number of equal segments and adjusting the code segment lengths 1o fit these sub-
division, as illustrated in Fig. 8.28.

The preceding normalizations are exact only if the boundaries themselves are
invariant fo rotation and scale change. In practice, this is seldom the case. For
instance, the same obiect digitized in two different orientations will in general have
different boundary shapes, with the degree of dissimilarity being propertional 1o
image resolution. This effect can be reduced by seclecting chain elements which
are large in proportion to the distance between pixels in the digitized image or by
orienting the grid in Fig. 8.27 along the principal axes of the object to be coded.
This is discussed below in the section on shape numbers.

Signatures. A signature is a one-dimensional functional representation of a
boundary. There are a number of ways to generate signatures. One of the sim-
plest is to plot the distance from the centroid to the boundary as a function of
angle, as illustrated in Fig. 8.29. Signatures generated by this approach are obvi-
ously dependent on size and starting point. Size normalization can be achieved
simply by normalizing the r(#) curve to, say, unit maximum value. The starting-
point problem can be solved by first obtaining the chain code of the boundary and
then using the approach discussed in the previous section.

Distance vs, angle is, of course, not the only way to generate z signature. We
could, for example, traverse the boundary and plot the angle between a line
tangent to the boundary and a reference line as a function of position along the
boundary (Ambier et al. [1975]). The resulting signature, although quile different
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Figure 8.29 Two simple boundary shapes and their corresponding distanice vs. angle signa-
wres. In (a), r(f) is constant, while in (&), 1) = 4 sec 8.

from the r(6) curve, would carry information about basic shape characteristics.
For instance, herizontal segments in the curve would correspond o straight lines
along the boundary since the tangent angle would be constant there. A variation
of this approach is to use the so-calied slope density function as a signature (Nahin
[19741), This function is simply a histogram of tangent angle values. Since a his-
togram is & measure of concentration of values, the slope density function would
respond strongly to sections of the boundary with constant tangent angles (straight
or nearly straight segmems) and have deep valleys in sections producing rapidly
varying angles (corners or other sharp inflections).

Once a signature has been obtained, we are still faced with the problem of
describing it in a way that will allow us to differentiate between signatures
corresponding to different boundary shapes. This problem, however, is generaily
easier because we are now dealing with one-dimensional functions. An approach
often used to characterize & signature is 1o compute its moments, Suppose that we
treat ¢ as a discrete random variable denoting amplitude variations in a signature,
and let pla,), i = 1,2, ..., K, denote the corresponding histogram, where K is
the number of discrete amplitude increments of ¢, The ath moment of @ about its
mean is defined as

K
wla) = ¥ (g — m) pla;) (8.3-1)

i=1
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where

K

m= ¥ apla) 8.3-2)

fm

The quantity s is recognized as the mean or average value of a and py as s vari-
ance. Only the first few moments are generally required to differentiate between
signatures of clearly distinct shapes.

Polygoral Approximations. A digital boundary can be approximated with arbi-
trary accuracy by a polygon. For a closed curve, the approximation is exact when
the number of segments in the polygon is cqual to the mumber of points in the
boundary so that each pair of adjacent points defines 4 segment in the polygon. In
practice, the goal of a polygonal approximation is to capture the “essence” of the
boundary shape with the fewest possible polygonal segments. Although this prob-
lem is ir general not trivial and cap very quickly turn into a time-consuming
iterative search, there are a number of polygonal approximation techniques whose
modest complexity and processing reguirements makes them well-suited for robot
vision applications. Several of these techniques are presented in this section.

We begin the discussion with a method proposed by Sklansky et al. [1972] for
fincling minimum-perimeter polygons. The procedure is best explained by means
of an example. With reference to Fig. 8.30, suppose that we enclose a given
boundary by a set of concatenated cells, as shown in Fig. 8.30a. We can visual-
ize this enclosure as consisting of two walls corresponding to the outside and
inside boundaries of the strip of cells, and we can think of the object boundary as
& rubberband contained within the walls, ¥ we now allow the rubberband to
shrink, it will ke the shape shown in Fig. 8.305, thus producing a polygon of
minimum perimeter which fits in the geometry established by the cell strip. If the
cells are chosen so that each ccli encompasses only one point on the boundary,
then the error in each cell between the original boundary and the rubberband
approximation would be at most vZd, where ¢ is the distance between pixels. This
error can be reduced in half by forcing cach cell to be centered or its correspond-
ing pixel.

Merging techniques based on error or other criteria have been applied to the
problem of polygonal approximation. One approach is to merge points along a
boundary until the least-squares error line fit of the points merged thus far exceeds
a preset threshold. When this occurs, the parameters of the line are stored, the
error is set to zero, and the procedure is repeated, merging new points along the
boundary until the error again exceeds the threshold. At the end of the procedure
the intersections of adjacent line segments form the vertices of a polygon. One of
the principal difficuities with this method is that vertices do not generally
cotrespond to inflections (such as corners) in the boundary becausc a new line is
rot started until the error threshold is exceeded. If, for instance, a long straight
line were being tracked and it turned a corner, a number {depending on the thres-
hold) of points past the corner would be absorbed before the threshold is exceeded.
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Figure 8.3¢ (@) Object boundary enclosed by cells. (b Minimum-perimeter polygon.

It is possible, however, to use splitting along with merging to alleviate this
difficalty.

One approach 1o boundary segment splitting is 1o successively subdivide a seg-
ment into two parts until a given criterion is satisfied. For instance, we might
require that the maximum perpendicular distance from a boundary segment to the
line joining its two endpoints not exceed a preset threshold. 1If it does, the furthest
point becomes a vertex, thus subdividing the initial segment into two subsegments.
This approach has the advantage that it “seeks” prominent inflection points. For a
closed boundary, the best starting pair of points is usually the two furthest points
inr the boundary. An example is shown in Fig. 8.31. Part {¢) of this figure shows
an object boundary, and Fig. 8.315 shows a subdivision of this bounrdary (solid
line} about its furthest points, The point marked ¢ has the largest perpendicular
distance from the top segment to line ¢b. Similarly, point 4 has the largest dis-
tance in the bottom segment. Figare 8.31c shows the result of using the splitting
procedure with a threshold equal to 0.25 times the length of line ab. Since no
poirt in the new boundary segments has a perpendicular distance {io its
corresponding straight-line segment) which exceeds this threshold, the procedure
terminates with the polygon shown in Fig. 8.31d.
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Figure 8.31 {a) Original boundary. (k) Boundary subdivided along furthest points. (c) Join-
ing of vertices by straight line segments. {d) Resulting polygon.

We point out before leaving this section that a considerable amount of work
has been done in the development of techniques which combine merging and split-
ting. A coraprehensive discussion of these methods is given by Paviidis [1977].

Shape Numbers, A chain-coded boundary has several first differences, depending
on the starting point. The shape nwmber of such a boundary, based on the 4-
directional code of Fig. 8.26a is defined as the first difference of smallest magni-
tude. The order, n, of a shape number is defined as the mumber of digits in its
representations. It is noted that » is even for a closed boundary, and that its value
limits the number of possible different shapes. Figure 8,32 shows all the shapes of
orders 4, 6, and 8, along with their chain-code representations, first differences,
and corresponding shape numbers. Note that the first differences were computed
by treating the chain codes as a circular sequence in the manner discussed earlier.
Although the first differcnce of a chain code is independent of rotation, the
coded boundary in general will depend on the orientation of the coding grid shown
in Fig. 8.27a. One way to normalize the grid orientation is a5 folows. The major
axis of a boundary is the straight-line segment joining the two points furthest away
from each other. The minor axis is perpendicular to the major axis and of length
such that a box could be formed that just encloses the boundary. The ratio of the
major to minor axis is called the eccenrricity of the boundary, and the rectangle
just described is called the basic rectangle. In most cases a unique shape number
will be obtained by aligning the chain-code grid with the sides of the basic rectan-
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Crder 4 Order 6
Chain code: 0321 o322
Difference: 3333 33363
Shape number: 3333 033433
Qrder 8
Chain code: 00332211 GrO322 14 o333z
Difference: 30303038 F313340%0 300338073
Shape number: 03030303 030331313 Go33D033

Figure 832 All shapes of order 4, 6, and 8. The directions are from Fig. 8.26. and the
dot indicates the starting poiat.

gle. Freeman and Shapira [1975] give an algorithm for finding the basic rectangle
of a closed, chain-coded curve.

In practice, given a desired shape order, we find the rectangle of order a
whose eccentricity best approximates that of the basic rectangle, and use this new
rectangle to establish the grid size. For example, it n = 12, all the rectangles of
order 12 (i.e.. those whose perimeter length is 12) are 2 X 4, 3x 3, and § x 5. If
the eccentricity of the 2 x 4 rectangle best matches the eccentricity of the basic
rectangle for a given boundary, we establish a 2 x 4 grid centered on the basic
rectangle and use the procedure already outlined to obtain the chain code. The
shape number follows from the first difference of this code, as indicated above.
Although the order of the resulting shape number will usually be equal to n
because of the way the grid spacing was selected. boundaries with depressions
comparable with this spacing will sometimes yield shape numbers of order greater
than #. In this case, we specify a rectangle of order lower than n and repeat the
procedure until the resulting shape number is of order #.

Example: Suppose that we specify n = 18 for the boundary shown in Fig,
8.33¢. In order to obtain a shape number of this order we foliow the steps
discussed above. First we find the basic rectangle, as shown in Fig. 8.33b.
The closest rectangle of order 18 is a 3 X 6 rectangle, and so we subdivide
the basic rectangle as shown in Fig. 8.33¢, where it is noted that the chain
code directions are aligned with the resulting grid. Finally, we obtain the
chain code and use its first difference to compute the shape number, as shown
in Fig. 8.33d. Ll
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fay b}

Chain code: 0006G30032232221211%

Difference: 30003 1033013003830

{c}

Bhape number: G063 10330130031303

{ud)

Figure 8.33 Steps in the generation of & shape number,

Fourier Descriptors. The discrete, one-dimensional Fourier transform given in
Bq. (7.6-4) can often be used to describe a two-dimensional boundary. Suppose
that M points on a boundary are available. If, as shown in Fig. 8.34, we view this
boundary as being in the complex plane, then each two-dimensional boundary point
(x, ¥) is reduced to the one-dimensional complex number x + jy. The sequence
of points along the boundary forms a function whose Feurier transform is
Fluy,u =0,1,2,... M - 1. If M is an integer power of 2, F(u) can be
computed using an FFT algorithm, as discussed in Sec. 7.6.}. The motivation for
this approach is that only the first few components of F(u) are generally required
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Figure 8.34 Representation of a region boundary in the frequency dosmain.

to distinguish between shapes that are reasonably distinct. For example, the
objects shown in Fig. 8.35 can be differentiated by using less than 10 percent of
the elements of the complete Fourier transform of their boundaries.

The Pourier transform is easily normalized for size, rotation, and siarting
point on the boundary. To change the size of a contour we simply multiply the
components of F(ux) by a constant. Due to the linearity of the Fourier transform
pair, this is equivalent to muliiplying (scaling) the boundary by the same factor.
Rotation by an angle # is similarly handled by multiplying the elements of F(x) by
exp (j#). Finally, it can be shown that shifting the starting point of the contour in
the spatial domain correspends to multiplying the kth component of F(u) by
exp (jRTY, where T is in the interval [0, 2n]. As T goes from 0 to 27, the start-
ing point traverses the entire contour once. This information can be used as the
basis for normalization (Gonzalez and Wintz [1977]).

Figure 8.35 Two shapes easily distinguishable by Fourier descriptors. (From Persoon and
Fu §1977], ©BEE.}
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8.3.2 Regional Descriptors

A region of interest can be described by the shape of its boundary, as discussed in
Sec. 8.3.1, or by its internal characteristics, as indicated in the following discus-
sion. It is thus important 1o note that the methods developed in both of these sec-
tions are appilicable to region descriptions.

Some Simple Descriptors. A number of existing industrial vision systems are
based on regional descriptors which are rather simple in nature and thus are attrac-
tive from a computational point of view. As might be expected, the use of these
descriptors is limited to situations in which the objects of interest are so distinet
that a few global descriptors are sufficient for their characterization.

The area of a region is defined as the number of pixels contained within its
boundary. This is a useful descriptor when the viewing geometry is fixed and
objects are always analyzed approximately the same distance from the camera. A
typical application is the recognition of objects moving on a conveyor belt past a
vision station.

The major and miror axes of a region are defined in terms of its boundary
(see Sec. B.3.1) and are useful for establishing the orientation of an object. The
ratio of the lengths of these axes, called the eccentricity of the region, is also an
important global descriptor of its shape.

The perimeter of a region is the length of its boundary. Although the perime-
ter is sometimes used as a descriptor, its most frequent application is in estzblish-
ing a measure of compactness of a region, defined as perimeter®/area. It is of
interest to note that compactness is a dimensionless quantity (and thus is insensitive
to scale changes) and that it is minimum for a disk-shaped region.

A connected region is a region in which all pairs of points can be connected
by a curve lying entirely in the region. For a set of connected regions, some of
which may have holes, it is useful to consider the Euler number as a descriptor.
The Euler number is defined simply as the number of connected regions minus the
number of holes. As an example, the Euler numbers of the letters A and B are 0
and —E, respectively. A number of other regional descriptors are discussed
below.

Texture. The identification of objects or regions in an image can often be accom-
plished, at least partially, by the use of texture descriptors. Although no formal
definition of texture exists, we intuitively view this descriptor as providing quanti-
tative measures of properties such as smoothness, coarseness, and regularity (some
examples are shown in Fig. 836). The two principal approaches to texture
description are statistical and structural. Statistical approaches yield characteriza-
tions of texturcs as being smooth, coarse, grainy, and so on. Structural tech-
nigues, on the other hand, deal with the arrangement of image primitives, such as
the description of texture based on regularly spaced paralle] lines.

One of the simplest approaches for describing texwre is to nse moments of the
intensity histogram of an image or region. Let z be a random variable denoting
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Figure 8.36 Examples of (a) stnooth, (&) coarse, and (¢} regular texture.

discrete image intensity, and let p(z), i = I, 2, ... ,L, be the corresponding
histogram, where L is the number of distinct intensity levels. As indicated in Sec.
8.3.1, the nth mement of 7 about the meszn is defined as

L
(2 = 3, (7 — m)'p(z) (8.3-3)

{=1

where mt is the mean valae of z (i.e., the average image Intensity):

I3
n o= E Zpiz ) (8.3-4)

i=4
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It is noted from Eq. ¢8.3-3) that uy = 1 and ) = 0. The second moment
lalso called the variance and denoted by o’(z)] is of particular importance in tex-
ture description. It is & measure of intensity contrast which can be used to estab-
lish descriptors of relative smoothness. For example, the mcasure

1
R=1— (8.3-5)
1 + o%(z)

is 0 for areas of constant intensity fo?(z) = O if all z; have the same value] and
approaches | for large values of ¢°(z). The third moment is a measure of the
skewness of the histogram while the fourth moment is a measure of its relative
flatness. The fifih and higher moments are not so easily related to histogram
shape, but they do provide further quantitative discrimination of texture content.

Measures of texture computed using only histograms suffer from the limitation
that they carry no information regarding the relative position of pixels with respect
to each other. One way to bring this type of information into the texture analysis
process is to consider not only the distribution of intensities but also the positions
of pixels with equal or nearly equal intensity values. Let P be a position operator
and let A be a & X k matrix whose element @; is the npumber of times that points
with intensity z; occur (in the position specified by P} relative to points with inten-
sity z;, with 1 € /, j € k. For instance, consider an image with three intensities,
zy = 0,25 = 1, and 53 = 2, as follows:

0 ¢ 0 1 2
11011
2210090
11020
00 1 01

If we define the position operator # as “‘one pixel to the right and one pixel
below,” then we obtain the following 3 x 3 matrix A:

(PRI

»

H
@O
[y
@ B

where, for example, a;, (top left) is the number of times that a point with intensity
level z; = 0 appears one pixel Iocation below and to the right of a pixel with the
samne intensity, while @3 (top right) is the number of times that a point with level
z; = 0 appears one pixel location below and to the right of a point with intensity
zz = 2. It is important o note that the size of A is determined strictly by the
number of distinct intensities in the input image. Thus, application of the concepts
discussed in this section usually require that intensities be requantized into a few
bands ir order to keep the size of A manageable.

Let n be the total number of point pairs in the image which satisfy P (in the
above example # = 16). I we define a matrix € formed by dividing every ele-
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ment of A by », then ¢; is an estimate of the joint preba'bélity that a pair of points
satisfying P will bave values (z, z;). The matrix C is called a gray-level co-
occurrence mairix, where “gray level™ is used imterchangeably to denote the
intensity of a monochrome pixel or image. Since € depends on P, it is possible to
detect the presence of given texture patterns by choosing an appropriate position
operator.  For instance, the operator used in the above example is sensitive to
bands of constant intensity ranning at —45° (note that the highest value in A was
ay; = 4, partially due to a streak of points with intensity 0 and running at
—435°y. In a more general sitwation, the problem is to analyze a given C matrix
in order to categorize the texture of the region over which C was computed. A
set of descriptors propesed by Haralick [1979] include

1. Maximum probabiiity:
max {cy)
i

2. Element-difference moment of order £;

LE G-

i

3. Inverse element-difference moment of order &

L L6

i . .
Y % i+
(- jF
4. Eatropy:

—E E ¢y log ¢y

LI

5. Uniformity:

LLd
LI

The basic ides is 1o characterize the “content™ of C via these descriptors. For
example, the first property gives an indication of the strongest response to P (as in
the above example). The second descriptor has a relatively low value when the
high values of C are near the main diagonal since the differences (i — j) are
smaller there. The third descriptor has the opposite effect. The fourth descriptor
is a measure of randomness, achieving its highest value when all elements of C
are equal. Conversely, the fifth descriptor is lowest when the ¢; are all equal.
One approach for vsing these descriplors is to “teach” a system representative
descriptor values for a set of different textures. The texture of an unknown region
is then subsequently determined by how closely its descriptors match those stored
in the system memory. This approach is discussed in more detail in Sec. 8.4.
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The approaches discussed above arc statistical in nature. As mentioned at the
beginning of this section, a second major category of texture description is based
on structural concepts. Suppose that we have a rule of the form § — 4§ which
indicates that the symbol § may be rewritten as a§ (e.g., three applications of this
rule would yield the string aaaS). If we let g represent a circle (Fig. 8.37a) and
assign the meaning of “circles to the right” to a string of the form aaw - - - , then
the cule § — a5 allows us to generate a texture patiern of the form shown in Fig.
8.37b.

Suppose next that we add some new rules to this scheme: § — b4, 4 — ¢4,
A = c, A~ bS, § -~ g, such that the presence of a & means “circle dowa’ and
the presence of a ¢ means “circle to the left.” We can now generate a string of the
form aaabecbaa which corresponds to a three-by-three matrix of circles. Larger
texture patterns, such as the one shown in Fig. 8.37c can casily be generated in the
same way. (It is noted, however, that these rules can alse generate structures that
are not rectangular).

The basic idea in the foregeing discussion is that a simple “‘texture primitive”
can be used to form more complex texture patterns by means of some rules which
limit the number of possible arrangements of the primitive(s). These coneepts lie
at the heart of structaral pattern generation and recognition, a topic which will be
treated in considerably more detail in Sec. 8.5.

O

et}

{#)

-

(e}

Figure 8.37 (o) Texture primitive. {b) Pattern generated by the rule § — al. (0) Two-
dimensional texture pattern generated by this plus other rules.
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Skeleton of a Region, An important approach for representing the structural shape
of a plane region is to reduce it to a graph. This is often accomplished by obtain-
ing the skeleton of the region via a thinning (also called skeletonizing) algorithm.
Thianing procedares play a central role in a broad range of probiems in computer
vision, ranging from automated inspection of printed circuit boards to counting of
asbestos fibers on air filters.

The skeleton of a region may be defined via the medial axis rransformarion
(MAT) proposed by Blum [1967]. The MAT of a region R with border B is as
follows. For each point p in R, we find its closest neighbor in B. If p has more
than one such neighbor, then it is said o belong o the medial axis (skeleton) of R.
It is important to note that the concept of “‘closest” depends on the definition of a
distance (see Sec. 7.5.3) and, therefore, the results of a MAT operation will be
influenced by the choice of a given metric. Some examples wsing the euclidean
distance are shown in Fig. 8.38.

Although the MAT of a region yields an intuitively pleasing skeleton, a direct
implementation of the above definition is typically prohibitive from a computational
point of view because it potentially imvolves calculating the distance from every
interior point fo every point on the boundary of a region. A number of algorithms
have been proposed for improving computational efficiency while, at the same
time, atiempting to produce a medial axis representation of a given region,
Typically, these are thinning algorithms that iteratively delete edge points of a
region subject to the constraints that the deletion of these points (1) does not
remove endpoints, {2} does not break connectedness, and (3} does not cause exces-
sive erosion of the region. Although some attempts have been made to use skele-
tons in gray-scale images (Dver and Rosenfeld [1979], Salari and Sty [1984]) this
type of representation is usually associated with binary data.

In the following discussion, we present an algorithm developed by Naccache
angd Shinghal [1984]. This procedure is fast, straightforward to implement, and,
as will be seen below, vields skeletons that are in many cases superior to those
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Figure 8.38 Medial axes of three simple regions.
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obtained with other thinning algorithms. We begin the development with a few
definitions. Assuming binary data, region points will be denoted by 1's and back-
ground points by 0's. These will be called dark and fight points, respectively. An
edge point is & dark point which has at least one light 4-neighbor. An endpoint is
a dark point which has one and only one dark 8-neighbor. A breakpoint is a dark
point whose deletion would break connectedness. As is true with all thinning algo-
rithms, noise and other spurious variations along the boundary can significantly
alter the resulting skeleton (Fig. 8.38b shows this effect quite clearly). Conse-
quently, it is assumed that the boundaries of all regions have been smoothed prior
to thinning by using, for example, the procedure discussed in Sec. 7.6.2.

With reference to the neighborhood arrangement shown in Fig. 8.39, the thin-
ning algorithm identifies an edge poit p as one or more of the following four
types: (1) a left edge poirr having its left neighbor s, light: {2) a right edge point
having ny hight; (3) a top edge point baving m, light; and (4) a bortom edge point
having n, light. It is possible for p to be classificd inte more than one of these
types. For example, a dark point p having ng and ny light will be a right cdge
point and a left edge point simultaneously. The following discussion initially
addresses the identification (flagging) of left edge poimts (hat should be deleted.
The procedure is then extended to the other types.

An edge point p is flagged if it is not an endpoint or breakpoint, or if its dele-
tion would cause excessive erosion {as discussed below). The test for these condi-
tions is carried out by comparing the 8-neighborhoed of p against the windows
shown in Fig. 8.40, where p and the asterisk are dark points and & and ¢ are
“don’t care” points; that is, they can be either dark or light. I the neighborhood
of p matches windows {a} to (), two cases may arise: (1) If all d’s are hight, then
p is an endpoint, or (2) if at least one of the d's is dark, then p is a breakpoint.
In either case p should not be flagged.

The analysis of window (d) is slightly more complicated. 1If at feast one d
and e are dark, then p is a break peint and should not be flagged. Other arrange-
ments need to be considered, however. Suppose that all &’s are Hght and the ¢'s
can be either dark or light. This condition yields the eight possibilities shown in
Fig. 8.41. Configurations (a) through (c) make p an endpoint, and configuration
{(d) makes it a breakpoimt. I p were deleted in configurations (e) and (f), it is
easy to show by example that its deletion would cause excessive erosion in slanting
regions of width 2. In configuration (g), p is what is commeonly referred to as a

"y ny | Ay

fy 15 iy

s N § oy

Figere 8,39 Notauon for the neighbors of p used by the thinning algorithm. (From Nac-
cache and Shinghal [1984], ©1EEE.;
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Figurc 8.40 If the 8-neighborhood of a dark point p matches any of the above windows,
then p is not flagged. The asterisk denotes a dark point, and o and e can be either dark or
light. (From Naccache and Shinghal [1984], ©IEEE)

spur, typically due to a short tail or protrusion in a region. Since it is assumed
that the boundary of the region has been smoothed initially, the appearance of a
spur during thinning is considered an important description of shape and p should
not be delerted. Finally, if all isclated points are removed initially, the appearance
of configuration {h) during thinning indicates that & region has been reduced to a
single point; its deletion would erase the last remaining portion of the region,
Similar arguments apply if the roles of d and e were reversed or if the d’s and e’s
were allowed to assume dark and light values. The essence of the preceding dis-
cussion is that any left edge point p whose 8-neighborhood matehes any of the
windows shown in Fig. 8.40 should not be flagged.

Testing the 8-neighborhood of p against the four windows in Fig. 8.40 has a
particularly simple boolean representation given by

34 = Ry * {I’il + Hy + Hy + R-y) . (!’!2 e ff‘g) - (HS + HG) (8.3*6)

? » » »
*® ® ® + £
{@) o] (53] i)
[ ” 7 7
* ® * * * * *

{e} £} 5 th)

Figure 8.41 All the configurations that could exist if 4 is light in Fig. 8.40, and ¢ can be
dark, *, or light, (From Naccache and Shinghal [1984], © IEEE)
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where the subscript on B indicates that ny is light (e, p is a left edge point),
¥ is the logical AND, “+7 is the Jogical OR, “—" is the logical COMPLE-
MENT, and the n's are as defined in Fig. 8.39. BEquation (8.3-6) is evaluated by
letting dark, previously unflagged points be valued 1 (TRUE), and light or fagged
points be vained O (FALSE). Then if B, is | (TRUE), we flag p. Otherwise, pis
left unflagged. Tt is not difficult o show that these conditions on B, implement all
four windows in Fig, 8.40 simultancously.
Similar expressions are obtained for right edge points,

By =y« (m + my + 55 4+ ng) v (g + 7} < +1my) (837
for top edge points,

By =g + (g +ny + 15 + mz) (g + H)) e (m by (B3R)
and for the bottoem edge points,

By = ny +(ng + ny +my + mg) - (ng + ) - (ng + ) (839)

Using the above expressions, the thinning algorithm iteratively performs two
scans through the data. The scanning sequence can be either along the rows or
columas of the image, but the choice will generally affect the final result. In the
first scan we use B; and By to flag left and right edge points; in the second scan
we use By and B to flag top and bottom edge points. If no new edge points were
flagged during the two scans, the algorithm stops, with the unflagged points consti-
tuting the skeleton; otherwise, the procedure is repeated. It is again noted that
previously flagged dark points are treated as (F in evaluating the boolean expres-
sions. An alternate procedure is to set any flagged point at zero during execution
of the algorithm, thus producing only skeleton and background points at the end.
This approach is easier to implement, at the cost of losing all other points in the
region,

Example: Figure 842a shows a binary region, and Fig. 8.425 shows the
skeleton obtained by using the algorithm devecloped above. As a puint of
interest, Fig. 8.42¢ shows the skeleton obtained by applying to the same data
another, well-known thinning algorithm (Pavlidis [1982]). The fide ity of the
skeleton in Fig. 8.42b over that shown in Fig. 8.42¢ is evident. €]

Moment Favariants. It was noted in Sec. 8.3.1 that Fourier descriptors which are
insensitive to translation, rotation, and scale changs can be used to describe the
boundary of a region. When the tegion is given in terms of its interior points, we
can describe it by a set of moments which are invariant to these effects.

Let f(x, y) represent the intensity at point (x, ¥) in a region, The moment of
order (p + g} for the region is defined as

g = L 5 XY y) (8.3-10)
X ¥
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Figure 8,42 («) Binary region. (b} Skeleton obtained using the thinning algorithm discussed
in this section. (¢3 Skeleton obtained by using another algorithm, (From Naccache and
Shinghat [1984), ©IEEE.)

where the summation is taken over all spatial coordinates (x, y) of points in the
region. The central moment of order {p + g} i$ given by

Hpe = 5 L (x — By = 9f(x, ¥ (8.3-11)

where

H 1
Fe= 2 5= U (8.3-12)
Hion Mg

The normalized central moments of order {(p + g) are defined as

“
Tpg = —o (8.3-13)
Ha0
where

y:fmgmi+i for (p 4 gy = 2,3, . . . (®.3-14)

The following set of moment invariants can be derived using only the normal-
ized central momenis of erders 2 and 3:

¢ = M0 + um (8.3-1%)

by = (9 — 102)* + 40y {8.3-16)
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¢y = (m3g ~ I + (3o — 1g3) (8.3-17)

by = {mo + m)t + (i + 7))’ {(8.3-18)

i

o5 = {93 — Inp)ny + m2)[(m + T2 = 30y 4 9p3)°]
+ Bz = o) (2 + o) [30s0 + 1) - (2 F me)’l (8.3-19)
b6 = (0 — ) (m0 + m2F = (2 + n)’)

+ Ay (30 + mad(nz + Nes) {8.3-20)

I

b7 = (3my — 10 (mse + MM (M0 + 72 — 302y + 903)°)

+ Baz — m)(mar + 903)[3(m0 + 22)” — (92 + 703)°] (8.3-2D)

This setf of moments has been shown to be invariant 1o translation, rotation, and
scale change (Hu [1962]).

8.4 SEGMENTATION AND DESCRIPTION OF
THREE-DIMENSIONAL STRUCTURES

Atwention was focused in the previous twe sections on techniques for segmenting
and describing two-dimensional structeres. In this section we consider the problem
of performing these tasks on three-dimensional (3D) scene data,

As indicated in Sec. 7.1, vision is inherently a 3D problem. It is thus widely
accepted that a key to the development of versatile vision systems capable of
operating in unconstrained environments lies in being able to process three-
dimensional scene information. Although research in this area spans more than a
10-year history, we point out that factors such as cost, speed, and complexity have
inhibited the use of three-dimensional vision techniques i industriai applications,

Three-dimensional information about a scene may be obtained in three princi-
pal forms. [ range sensing is used, we obtain the (x, ¥, 2} coordinates of points
on the surface of objects. The use of stereo imaging devices yields 3D coordi-
nates, as well as intensity information about each poimt. In this case, we represent
each point in the form f(x, v, z), where the value of f at (x, y, z) gives the
intensity of that point (the term vexe! is often used to denote a 3D point and its
intensity}. Finally, we may infer 3D relationships from a single two-dimensional
image of a scene. In other words, it is often possible o deduce relationships
between objects such as “above,” “behind,” and “‘in front of.” Since the exact 3D
location of scene points generally cannot be computed [rom a single view, the rela-
tionships obtained from this type of analysis are sometimes referred to as 2% D
information.
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8.4.1 Fitting Planar Patches to Range Data

One of the simplest approaches for segmenting and describifg a three-dimensional
structure given in terms of range data points (x, y, z) is to first subdivide it into
smali planar “patches™ and then combine these patches into larger surfuce elements
according to seme criterion. This approach is particularly attractive for polyhedral
objects whose surfaces are smooth with respect e the resolution of the sensed
scene.

We illustrate the basic cencepts underlying this approach by means of the
example shown in Fig. 8.43. Part (a) of this figure shows a simple scene and Fig.
8.43b shows a set of corresponding 3D points. These peints can be assembled into
small surface elements by, for example, subdividing the 3D space into cells and
grouping points according to the cell which contains them. Then, we fit a plane to
the group of points in each cell and calculate a unit vector which is normal to the
plane and passes through the centroid of the group of points in that cell. A planar
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Figure 8.43 Three-dimensional surface description based on planar patches. (From Shirai
{1979}, € Plenum Press.)
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patch is established by the intersection of the plane and the walls of the cell, with
the direction of the patch being given by the unit mormal, as illustrated in Fig.
8.43c. All patches whose directions are similar within a specified threshold are
grouped into elementary regions (R), as shown in Fig, 843d. These regions are
then classified as planar (P), curved (C), or undefined (U) by wsing the directions
of the patches within each region (for example, the patches in a planar surface will
all point in essentially the same direction). This type of region classification is
iflustrated in Fig. 8.43e. Finally {(and this is the hardest step), the classified
regions are assembled into global surfaces by grouping adjacent regions of the
same classtfication, as shown in Fig. 8.43f. It is noted that, at the end of this pro-
cedure, the scene has been segmented into distinct surfaces, ard that each surface
has been assigned a descriptor (e.g., curved or planar).

8.4.2 Use of the Gradient

When a scene is given in terms of voxels, the 3D gradient can be used % obtain
patch representations (similar o those discussed in Sce. 8.4.1) which can then be
combined to form surface descriptors, As indicated in Sec. 7.6.4, the gradient
vector is normal to the direction of maximum rate of change of a function, and the
magnitude of this vector is proportional to the strength of that change. These con-
cepts are just as applicable in three dimensions and they can be used to scgment
3D structures in a manner analogous to that used for two-dimensional data.

Given a function f(x, y, ), its gradient vector at coordinates {(x, ¥y, z) is
given by

of
G Ox
Glfte, 03]l = | G, | = »g% 8.4-H
G, ar
dz
The magnitude of G is given by
Glf(x, y, 23] = (G + G} + GH'? (8.4-2)

which, as indicated in Eq. (7.6-39), is often approximated by absolute values to
simplify computation:

Glflx. y. 2)]1 = |G| + |G,] + |G,

The implementation of the 3D gradient can be carried out using operators
analogous in form to those discussed in Sec. 7.6.4. Figure 8.44 shows a
3 X 3 x 3 operator proposed by Zucker and Hummel [1981] for computing G,.
The same operator oriented along the y axis is used to compute G,, and oriented
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along the 7 axis to compute G,. A key property of these operators is that they
yield the best (in a least-squarcs crror sense) planar edge between fwo regions of
different intensities in a 3D neighborhood.

The cemter of each operator is moved from voxel o voxel and applied in
exactly the same manner as their two-dimensional counterparts, as discussed in
Sec. 7.6.4. That is, the responses of these operators at any point (x, vy, g) yield
G,, G,, and G,, which are then substituted into Bq. (8.4-1) to obtain the gradient
vector at {x, v, z) and into Eq. (8.4-2) or {8.4-3) to obtain the magnitude, Tt is of
interest to note that the operator shown in Fig. 8.44 yields a zero oufput in a
3 x 3 x 3 region of constant intensity.

It is a straightforward procedure to utilize the gradient appreach for segment-
ing a scene into planar patches analogous to those discussed in the previous sec-
tion. It is not difficult to show that the gradient vector of a plane
ax + by + ¢z = O has components G, = a, G, = b, and G, = ¢. Since the
operators discussed above yield an optimum planar fit in a 3 X 3 X 3 neighbor-
hood, it follows that the components of the vector G establish the direction of a
planar patch in each neighborhood, while the magnitude of G gives an indication
of abrupt changes of intensity within the paich; that is, it indicates the presence of
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Figure 8.44 A 3 x 3 x 3 operator for computing the gradient component (r.. {Adapted
from Zucker and Humsmel [1981], € IEEE)
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Figure 8.45 Planar patch approximation of a cube using the gradient. (Erom Zucker and
Humme! {19811, ©EEE)

an intensity edge within the patch. An example of such a paich representation
using the gradient operators is shown in Fig. 8.45. Since each planar patch sur-
face passes through the center of a voxel, the borders of these patches may not
always coincide. Patches that coincide are shown as larger uniferm regions in Fig,
8.45.

Once patches have been obtained, they can be grouped and described in the
form of global surfaces as discussed in Sec. 8.4.1. Note, however, that additional
information in the form of intensity and intensity discontinuitics is now available to
aid the merging and description process.

8.4.3 Line and Junction Labeling

With reference to the discussion in the previous two sections, edges in a 3D scene
are determined by discontinuities in range and/or intensity data. Given a set of
surfaces and the edges between them, a finer description of a scene may be
obtained by labeling the lines corresponding to these edges and the junctions which
they form.

As illustrated in Fig. 8.46, we consider basic types of lines. A convex line
{labeled +) is formed by the intersection of twe surfaces which are part of a con-
vex solid (e.g., the line formed by the intersection of two sides of a cube). A con-
cave line (labeled —) is formed by the intersection of two surfaces belonging to
two different solids {¢.g., the intersection of one side of a cube with the floor). An
occluding line (labeled with an arrow) is the edge of a surface which obscures a



HIGHER-LEVEL VISION 421

Floor b

Convex line
——— Concave Jine

———e— Cechuding Tiwe

Figure 8.46 Three basic line labels.

surfacc. The occluding matter is to the right of the line looking in the direction of
the arrow, and the oceluded surface is o the left.

After the lines in a scene have been labeled, their junctions provide cloes as to
the nature of the 3D solids in the sceme. Physical constraings allow anly a few
possible combinations of line labels at a junction. For example, in a polyhedral
scene, Bo fine can change its label between vertices. Vielation of this rule leads to
impossibie physical objects, as illustrated in Fig. 8.47.

The key to wsing junction analysis is to form a dictionary of ailowed junction
types. For example, it is easily shown that the junction dictionary shown in Fig,
8.48 contains all valid labeled vertices of trihedral solids (i.e., solids in which
cxactly three plane surfaces come together at each vertex). Once the junctions in a
scene have been classified according to their match in the dictionary, the objective
is to group the various surfaces into objects. This is typically accomplished via a
set of heuristic rules designed to interpret the labeled lines and sequences of neigh-
boring junctions, The basic concept underlying this approach can be illustrated
with the aid of Fig. 8.49. We note in Fig. 8.49) that the blob is composed
entirely of an occluding boundary, with the exception of a short concave line,

Figure 8.47 An impossible physical object. Note that one of the lines changes label from
occluding to convex between two vertices.
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{49} {10; (hE 12}

{13} 1] {15; {16}

Figure 8.48 Junction dictionary for trikedral solids.

indicating where it touches the base. Thus, there is nothing in front of it and it
can be extracted from the scene. We also note that there is a vertex of type {1()
from the dictionary in Fig. 8.48. This is strong evidence (if we know we are deal-
ing with trihedral objects) that the three surfaces involved in that vertex form a
cube. Similar comments apply to the base after the cube surfaces are removed.
Removing the base leaves the single object in the background, which completes the
decomposition of the scene.

Although the preceding short explanation gives an overall view of how line
and function analysis are used to describe 3D objects in a scene, we point out that
formalation of an algorithm capable of handling more complex scenes is far from a
trivial fask, Several comprehensive efforts in this area are referenced at the end of
this chapter.
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thy i}

Figure 8,49 () Scene. (&) Labeled Haes. (¢) Decomposition via line apd junction analysis.
(Adapted from Shirai [1979], © Plenum Press.)

8.4.4 Generalized Cones

A generalized cone (or cylinder) is the volume described by a planar cross section
as it is translated along an arbitrary space curve (the spine), held at a constant
angle to the curve, and transformed according to a sweeping rule. In machine
vision, geperalized cones provide viewpeint-independent representations of three-
dimensional structures which are useful for description and model-based matching
parposes.

Figure 8.50 iliustrates the procedure for generating generalized comes. In Fig.
§.50a the cross section is a ring, the spine is a straight line and the sweeping rule
is to translate the cross section normal to the spine while keeping its diameter con-
stant. The result is a hollow cylinder. In Fig. 8.505 we have essentially the same
situation, with the exception that the sweeping rule helds the diameter of the cross
section constant and then allows it to increase linearly past the midpoint of the
spine.
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O

{u)

ih}

Figure 8.30 Cross sections, spines, and their corresponding generalized cones. In (@) the
cross section remained constant during the sweep, while in (b)) its diameter increased
iinearly past the midpeint in the spine.

When matching a set of 3D points against a set of known generalized cones,
we first determine the center axis of the points and then find the closest set of
cross sections that will fit the data as we travel along the spine. In general, con-
siderable trial and error is required, particularly when one is dealing with incom-
plete data.

8.5 RECOGNITION

Recognition is a labeling process; that is, the function of recognition aigorithms is
to identify cach segmented object in a scene and to assign a label (e.g., wrench,
seal, bolt) to that object. For the most part, the recognition stages of present
industrial vision systems operate on the assumption that objects in a scene have
been segmented as individual units. Another common constraint is that images be
acquired in a keown viewing geometry (usually perpendicular to the work space).
This decreases variability in shape characteristics and simplifies segmentation and
description by reducing the possibility of occlusion. Variability in object orienta-
tion is handled by choosing rotation-invariant descriptors or by using the principal
axis of an object to orient it in a predefined direction.
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Recognition approaches in use today can be divided into two principal
categories: decision-theoretic and structural. As will be scen in the following dis-
cussion, decision-theoretic methods are based on quantitative descriptions {¢.g., sta-
tistical texture) while structural methods rely on symbolic descriptions and their
refationships (e.g., sequences of directions in a chain-coded boundary). With a
few exceptions, the procedures discussed in this section are generally used 1o
recognize two-dimensional object representations.

8.5.1 Decision-Theoretic Methods

Decision-theoretic pattern recognition is based on the use of decision (discriminant)
SJunciions. Let X = {x, X, ... ,x,}}"“ represent a column pariern vector with
real components, where x; is the ith descriptor of a given obiect (e.g., area, aver-
age intensity, perimeter length). Given M object classes, denoted by
Wy, @, ... @y e basic problem in decision-theoretie pattern recogrition is to
identify M decision functions, 4, (x), dy (%), . .. .dy{x), with the property that
the foilowing relationship holds for any pattern vector x* belonging to class w;:

di{x*) > d;(x%) J=1L2, 000 M jEd (8.5-1)

In other words, an unknown object represented by vector x* is recognized as
belonging to the ith object class if, upon substitution of x* kate all decision func-
tions, 4;(x*) yields the largest value.

The predominant use of deecision functions in indusirial vision systems is for
matching. Suppose that we represent each object class by a prorotype (or average)
vector:

N
m=—=Yx i=12...,M (8.5-2)
Nfc—l

where the x, are sample vectors known fo belong to class w;. Given an unknown
X*, one way o determine its class membership is to assign it to the class of ity
closest prototype. If we use the euclidean distance to determine closeness, the
problem reduces to computing the following distance measures:

Di(x* = x* —my|  j=12,...,M (8.5-3)

where [[a] = (a’a)” is the euclidean norm. We then assign x* to class w, if
D;(x*) is the smallest distance. Tt is not difficult to show that this is equivalent to
evaluating the functions

di(x*) = (x'm; ~ vimlm, =12, ..M (8.5-4)

and selecting the largest value. This formulation agrees with the concept of a
decision function, as defined in By. (8.5-1).
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Another application of matching is in searching for an instance of a subimage
w{x, y} in a larger image f(x, ¥). At ¢ach location {x, v} of f(x, v) we define
the correlation coefficient as

Y E Iws 1) = mf(s. 1) = my]
(LY (ws, 0 =m0 T T [fis, ) = m) 37

Flx, y) = (8.5-5)

where it is assumed that w{s, £ is centered at coordinates ¢x, v). The summa-
tions are taken over the image coordinates common to both regions, m,, is the
average intensity of w, and m, is the average intensity of f in the region coincident
with w. It is noted that, in general, y(x, y) will vary from onc location to the
next and that #s values are in the range [ —1, 1], with a value of 1 corresponding
to a perfect match, The procedure, then, is to compute v{(x, ¥} at each location

Figure 8.51 (@) Subimage w{x, v). (6 Image fix, ¥). {¢) Location of the best maich of w in
[, as determined by the largest correlation coeflicient.
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(x, vy} and to select its largest value to determine the best match of w in f [the
procedure of moving w(x, y) throughout f(x, y) is analogous to Fig. 7.20].

The yuality of thc match can be costrolled by accepting a correlation
coefficient only if it exceeds a preset value (for example, 9). Since this method
consists of directly comparing two regions, it is clearly sensitive to variations in
object size and orientation. Variations in intensity are normalized by the denomi-
nator i Eq. (8.5-3). An example of matching by correlation is showr in Fig.
8.51.

8.5.2 Structural Methods

The techniques discussed in Sec. 8.5.1 deal with patterns on 2 guantitative basis,
ignoring any geometrical relationships which may be inherent in the shape of an
object. Structural methods. on the other hand, attempt to achieve object discrimi-
nation by capitalizing on these relationships.

Central to the structural recognition approach is the decomposition of an
object into pattern primitives. This idea is casily explained with the aid of Fig.
8.52. Part {a) of this figure shows a simple object boundary, and Fig. 8.52b
shows a set of primilive elements of specified length and direction. By starting at
the top lefl, tracking the boundary in a clockwise direction, and identifying
instances of these primitives, we obtain the coded boundary shown in Fig, 8.52¢.
Basically, what we have done is represent the boundary by the string
auabcbbboddded.  The known lfength and direction of these primitives, together
with the order in which they occur, establishes the structure of the object in terms
of this particular representation. The objective of this section is %o introduce the
reader to techniques suitable for handling this and other types of structural pattern
descriptions.

Start . [ < 4

2]

€ thy iy

Figure 8.52 (a} Object boundary, () Primitives. {¢) Boundary coded in terms of primitives,
resulting in the sinng acabcbbbeddded.
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Matching Shape Numbers. A procedure anzlogous to the minimum-distance con-
cept introduced ir Sec. 8.5.1 for vector representations can be formuiated for the
comparison of two object boundaries that are described in terms of shape numbers.
With reference to the discussion in Sec. 8.3.1, the degree of similarity k between
two object boundaries, 4 and B, is defined as the largest order of which
their shape numbers still coincide. That is. we have s5,{4) = 5,(B),
Sg(A) = S&(B.}, sgfd) = SS(B), o, A = 5:(B), spao(4) # Sk+3(8),
S, 4(A) # 5..4(B). ..., where s indicates shape number and the subscript indi-
cates the order. The distance between two shapes A and B is defined as the
inverse of their degree of similarity:

D(A, B) = m;;w (8.5-6)
This distance satisfies the following properties:

(a) D(4, B) 2 0

(bYyD(A4, B) =0 iff A =8 {8.3-7)

H

(¢c) D(A, Cy € max [D{4, B), D(B, ()]

In order to compare two shapes, we can use either & or D. H the degree of
similarity is used, then we know from the above discussion that the larger £ is, the
more similar the shapes are (note that & is infinite for identical shapes). The
reverse is true when the distance measure is used.

Example: As arn illustration of the preceding concepts, suppose that we wish
to find which of the five shapes (A, B, D, E, F) in Fig. 8.53a best matches
shape C. This is analogous o having five prototype shapes whose identities
are knowh and trying to determine which of these constitutes the best match to
an unknown shape. The search may be visualized with the aid of the similar-
ity tree shown in Fig, 8.53b. The root of the tree corresponds to the fowest
degree of similarity considered, which in this example is 4. As shown in the
tree, all shapes are identical wp to degree 6, with the exception of shape A.
Thar is, the degree of similarity of this shape with respect to all the others is
6. Proceeding down the tree we find that shape D has degree 8 with respect
to the remaining shapes, and so on. In this particular case, shape F turned out
to be a unique match for C and, furthermore, their degree of simifarity is
higher than any of the other shapes. If £ had been the unknown, a unique
match would have also been found, but with a lower degree of similarity. If
A had been the unknown, all we could have said using this method is that it is
similar to the other five figures with degree 6. The same information can be
summarized in the form of a similarity marrix, as shown in Fig. 8.53¢. i
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Figure 8.53 (&) Shapes. (b) Similarity free. (¢) Similarity matrix. (From Bribiesca and
Guzman [1980], © Pergamon Press.)

String Matching. Suppose that two object contours € and (; are coded into
strings aay - < - ¢, and b\ by - - - &, respectively. Let A represent the number
of matches between the two strings, where we say that a match has occurred in the
jth position if a; = &;. The number of symbels that do not match up is given by

B = max(|C,|, [Cy]) — 4 (8.5-8)

where |C] is the length (nunber of symbols) of string C. Tt can be shown that
B = 0 if and only if C) and C; are identical.

A stmple measure of similarity between strings C; and €, is defined as the
ratio

A A
R=2Z = 8.5-9
B max(|C\|, |C3|) — 4 ¢ )
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Based on the above comment regarding B, R is infinite for a perfect match and
zero when none of the symbols in €, and C,- match (i.¢., 4 = 0 in this case}.
Since the matching is done on a symbol-by-symbol basis, the starting point on each
boundary when creating the string representation is important. Alternatively, we
can start at arbitrary points on each boundary, shift one string ¢with wraparound),
and compute Eq. {8.5-9) for each shift. The nomber of shifts required to perform
all necessary comparisons is max (G|, |G )

Example: Figure 8.54a and b shows a sample boundary from each of two
ciasses of objects. The boundaries were approximated by a polygonal fit (Fig.
8.54c and &) and then strings were formed by computing the interior angle

= (==

{e) hs
() it
Bl latih e 1d it 481 2a 2b zelld]2e
C1b 169 b 1335
Tle |96 263 2o || 47558
1d | s47] %1 1103 2d a6 [433393
le H 4671 72i10.314.2 2e | 23325 917 1B :
L[ 467] 72103] 8.5]237 2f 26150 [ 77111351270
(e} N1

AB L ta 1b e [ dd ) Le | LS
2a §1.24 15 1.321147]155]148
2b I8 143[132[147]1.55] 148
2 | LO2] 18] 019[13211.39 148
2d [0 08]51014.3211.3911.40
Ze 108311.067,1.08 119 1.24 125
2f [log9 1@ 1o L4 LIE[1LIR

)

Figure 8.54 (a), (#) Sample boundarics of two different obiect classes. (), &) Their
corresponding polygonal approximations. (e)-(g)} Tabulations of R = A4/B. (Adapted from
Sze and Yang {1981}, ©IEEE.)
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between the polygon segments as the polygon was traversed in a clockwise
direction. Angles were coded inte one of eight possible symbols which cor-
respond 0 45° increments, §,:0° <@ € 45°, 5:45° < HLOD° ..,
530 315° < 8 £ 360°.

The results of computing the measure R for five samples of object 1
against themseives are shown in Fig. 8.54¢, where the entries correspond to
values of R = A/B and, for example, the notation 1.¢ refers to the third string
for object class 1. Figure 8.54f shows the resulis for the Strings of the second
object class. Finally, Fig. 8.54g is a tabulation of R values obtained by com-
paring strings of one class against the other. The important thing to note is
that all values of R in this last @ble are considerably smaller than any entry in
the preceding two tables, indicating that the K measure achieved a high degree
of discrimination between the two classes of objects. For instance, if string
l.a had been an unknown, the smallest value in comparing it with the other
strings of class 1 would have been 4.67. By contrast, the Jargest value in a
comparison against class 2 would have been 1.24. Thus, classification of this
string into class 1 based on the maximum value of R would have been a sim-
ple, unambiguous maticr, ]

Syntactic Methods. Syntactic techniques are by far the most prevalent concepts
used for handling structural recognition problems. Basically, the idea behind syn-
factic pattern: recognition is the specification of structural pattern primitives and a
set of rules {in the form of a grammar) which govern their interconnection. We
consider first string grammars and then extend these ideas to higher-dimensional
grammars.

String Grammars. Suppose that we have two classes of obiects, w, and w,,
which are represented as strings of primitives, as outlined at the beginning of Sec.
8.5.2. We may interpret each primitive 2s being a symbol permissible in some
grammar, where/a grammar is a set of rules of syntax (hence the name syntactic
pattern recognition) for the generation of sentences formed from the given sym-
bols. In the context of the present discussion, these sentences are strings of sym-
bols which in turn represent patterns. It is further possible 10 envision two gram-
mars, ) and G,. whose rules are such that G, only sllows the generation of sen-
tences which correspond to objects of class w; while G, only allows generation of
sentences corresponding to objects of class oy, The set of sentences generated by
& grammar € is called its lunguage, and denoted by L(G).

Once the two grammars G, and G, have been eswablished, the syntactic pat-
tern recognition process is, in principle, straightforward. Given a sentence
representing an unknown pattern, the preblem is one of deciding i which
language the pattern represents a vulid sentence. If the sentence belfongs to L{G },
we say that the pattern belongs to object class ;. Similarly, we say that the
object comes from class w, if the sentence is in L(G, ). A unique decision cannot
be made if the sentence belongs to both L{G;) and L{G,}. I the sentence is
found to be invalid over both languages it is rejected.
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When there are more than two pattern classes, the syntactic classification
approach is the same as described above, except that more grammars (at least one
per classy are involved in the process. In this case the pattern is assigned to class
w; il it is a sentence of only L(G;). A unigue decision cannot be made if the sen-
tence belongs to more than one language, and (as above) a pattern is rejected if it
does not belong to any of the languages under consideration,

When dealing with strings, we define a grammar as the four-fuple

G = (N L P 5 (8.?—10)

where

N = finite set of nonrerminais or variables

L = finite set of rerminals or constants

P = finitc set of productions or rewriting rules
Sin N = the starting symbel

It is required that ¥ and I be disjoint sets. In the following discussion nonter-
minals will be denoted by capital letters: A, B, ... .5, ... . Lowercase letters
at the beginning of the alphabet will be used for terminals: a, b, ¢, . . . . Strings
of terminals wili be deroted by lowercase letters toward the end of the alphabet:
v, w, X, ¥, z. Strings of mixed terminals and nonterminals will be denoted by
lowercase Greek letters: o, 3, 8, . . . . The empry sentence (the sentence with no
symbols) will be denoted by A. Finally, given a set ¥ of symbols, we will use the
notation V* to denote the set of all sentences composed of elements from V.

String grammars are characterized primarily by the form of their productions.
Of particular interest in syntactic pattern recognition are regular grammars, whose
productions are always of the form 4 — aB or A — a with A and Bin N, and ¢
in L, and context-free grammars, with productions of the form A — « with 4 in
N, and « in the set {N U I}* — \; that is, « can be any string composed of ter-
minals and nonterminals, except the empty string.

Example; The preceding concepts are best clarified by an example. Suppose
that the object shown in Fig. 8.53« is reprosented by its skeleton, and that we
define the primitives shown in Fig. 8.55b to describe the structure of this
and similar skeletons. Consider the grammar G = (N, L, P, §) with
N = {A, B, 8§}, L = {a, b, ¢}, and production rules

L8 = ad
. A — bA
. A —~ bB
.B—=c

VL

where the terminals a, b, and ¢ are as shown in Fig. 8.3536. As indicated
earlier, § is the starting symbol from which we generate all strings in L{().
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Figure 8.55 (¢} Object represented by its skeleton. () Primitives. (€) Structure gencrated
using a regular string grammar,

If, for instance, we apply production 1 followed by two applications of
production 2, we obtain: § 2 a4 = abd = abbd, where * = * indi-
cates a string derivation starting from § and using production rules from P. It
is noted that we interpret the production § — ad and A — bA as “S can be
rewritten as ad” and A can be rewritten as 4.7 Since we have a nonterminal
in the string abbA and a rule which allows us to rewrite it, we can continue
the derivation. For example, if we apply production 2 two more times, fol-
fowed by production 3 and then production 4, we obtain the string abbbbbe
which corresponds to the structure shown in Fig. 8.55¢. h is important to
note that ne nonterminals are left afier application of production 4 so the
ierivatien lerminates after this production is used. A little thought witl reveat
hat the grammar given above has the language L(G) = {ab"c|n 2 1},
where £" indicates # repetitions of the symbol . In other words, G is capable
of generating the skeletons of wrenchlike structures with bodies of arbitrary
length within the resolution established by the length of primitive . |

Use of Semantics. In the above example we have implicitty assumed that the
interconnection between primitives takes place only at the dots shown in Fip.
8.55b. In more complicated situations the rules of connectivity, as well as other
information regarding factors such as primitive length and direction, and the
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number of times a production can be applied, must be made explicit. This is usu-
ally accomplished via the use of semantics. Basically, syntax establishes the struc-
ture of an object or expression, while semantics deal with its meaning. For exam-
ple, the FORTRAN statement A = B/C is syntactically correct, but it is semanti-
cally correct only if C # 0.

In order to fix these ideas, suppose that we attach semantic information to the
wrench grammar just discussed. This information may be attached to the produc-
tions as follows:

Production  Semantic information

8 — aA Consnections to a are made only at the dot. The direction of 4, denoted by 8,
is given by the direction of the perpendicular bisector of the Hae joining the
endpoints of the two undotted segments. These fine segments are 3 cm each.

A~ bhA Connections to £ are made only at the dots. No mulliple cornections are
allowed, The direction of b must be the same as that of a and the leagth of b
is 0.2% cm. This production cannot be appiied more than 10 times.

A — bB  The direction of @ and b must be the same. Conacctions must be simple and
made oaly at the dots.

B - c The direction of ¢ and @ mest be the same, Connections must be simple and
made only at the dots.

It is noted that, by using semantic information, we are able to use a few rules of
syntax to describe a broad (although limited as desired) class of patterns. For
instance, by specifying the direction #, we avoid having to specify primitives for
each possible object orientation. Similarly, by requiring that all primitives be
oriented in the same direction, we eliminate from consideration nonsensica
wrenchlike structures.

Recognition. Thus far, we have seen that grammars are generators of
patterns. In the following discussion we consider the problem of recognizing if a
given pattern string belongs to the language L{G) generated by a grammar G,
The basic concepts underlying syntactic recognition can be iflustrated by the
development of mathematical models of computing machines, called automata,
Given an input pattern string, these automata have the capability of recognizing
whether or not the pattern belongs to a specified language or class. We will focus
attention only on finite awtomata, which are the recognizers of languages gencrated
by regular grammars.

A finite antomaton is defined as a five-tuple

A= (Q L5 g F) 8.5-11)

where @ is a finite, nonemply set of stares, & is & finite input alphabet, 6 is # map-
ping from @ xX ¥ (the set of ordered pairs formed from elements of ¢ and I) into
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the collection of all subsets of @, ¢, is the starting state, and F (a subsct of @) is
a set of final or accepting states. The terminology and notation associated with
Eq. (B.5-11) are best illustrated by a simple example.

Example: Consider an automator given by Eq. (8.5-11) where () =
{go. ;. g2}, £ = {a b}, F = {g:}, and the mappings are given by
gy, a)y = {q}, 8(go. b) = {g:}. 8(q. a) = {@}, 3¢, b} = {4}
&g, ay = @}, 8(q. b = {q;}. If, for example, the automaton is in
state gn and an a is input, its state changes to ¢,. Similarly, if a & is input
next, the autornaton moves fo state ¢y, and so forth. It is noted that, in this
case, the initial and final states arc the same. Ll

A sware diagram for the automaton just discussed is shown in Fig. 8.56. The
state diagram consists of a node for each state, and directed arcs showing the pos-
sible transitions between states. The final state is shown as a double circle and
each arc is labeled with the symbol that causes that transition. A string w of ter-
minal symbols iy said to be accepted or recognized by the antomaton if, starting in
state gp. the sequence of symbols in w causes the automaton to be in a final state
after the last symbol in w has been input. For example, the automaton in Fig.
8.56 recognizes the string w = abbabb, but rejects the string w = aabab.

There is a one-to-one correspondence between regular grammars and finite
aptomata. That is, a language is recognized by a finite automaton if and only if it
is gemerated by a regular grammar. The procedure for obtaining the automaton
corresponding to a given regular grammar is straightforward. Let the grammar be
denoted by G = {N, £, P, X;), where Xy = §, and suppose that N is composed
of X, plus n additional nonterminals X\, X;, ... .X,. The state set Q for the
automaton is formed by introducing n + 2 states, {g, 91, - - . 9 Gy + 17 SUch
that g, corresponds to X; for 0 € € n and ¢, , ¢ is the final state. The set of

Figare £.56 A finite automaton.
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input symbols is identical to the set of terminals in G. The mappings in & are
defined by two rules based on the production of (7 namely, for each i and
LO€i<n0gjsm

I H X, — aX; isin P, then § (q;, a) conlains ;.
2.8 - aisin P, then & (g, a) comains g, 1.

On the other hand, given u finite automaton A = (0. £, 8, gy, F), we obtain
the cortesponding regular grammar G = (N, X, P, X,) by letting N be identitied

with the state set (2, with the starting symbol X(; corresponding to gy, and the pro-
ductions of & obtained as follows:

L. ¥ g; is in 8(q;, a), there is a production X, — aX; in P.
2. If a state in F is in 8€q;, g}, there is 3 produstion X, — a in P.

Example: The finite automaton corresponding o the wrench grammar given
earlier is oblained by writing the productions as X — «X,, X, ~ bX,, X, —
bX,, X, — e, Then,  from the above  discussion, we  have
A=1(Q L b qg.F) with Q@={@w .0 ¢}, L=I{gb .
F o= {Cls}s and  mappings  S(q. @) = {g:}, g, &) = {@:. @}

8(g2, ¢) = {gz}. For completeness, we can write 8(gy, b) = gy, ) =
(g, a) = 8{q. ¢) = e, a) = blgy, b) = ¢, where ¢ is the null set,
indicating that these transitions are not defined for this automaton. [

Higher-Dimensional Grammars. The grammars discussed above are best
suited for applications where the cenmectivity of primitives can be conveaiently
expressed in & stringlike manncr. In the following discussion we consider two
examples of grammars capable of handling more general interconnections belween
primitives and subpatterns.

A tree grammar is defined as the five-tuple

G=(NIL P18 (8.5-12)

where N and L are, as before, sets of nonterminals and terminals, respectively; §
is the start symbol which can, in general, be a tree; P is a set of productions of
the form 7; — 7, where 7; and T} are trees; and r is a ranking funcrion which
denotes the number of direct desaundams of & node whose label is a terminal in
the grammar. An expansive tree grammar has productions of the form

where 4, 4), ..., A, are ponterminals, and a is a terminal.
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Exampie: The skeleton of the structure shown in Fig. 8.57a can be generated
by means of a tree grammar with productions

@ S—a @ A —-b @ A4 =~c¢

i |
4 4 Ay Az

{4) /ig—'d {5 Ag—*e (6} /‘fg."“‘é’ (7) A3"'£t

! [
Az A"‘;

where comnectivity between linear primitives is head to tail, and connections 10
the circle primitive can be made anywhere on its circumference. The ranking
functions in this case are ria) = {0, 1}, r(#) = rid) = e} = {1},
r(c) = {2}. Tt is noted that restricting the use of productions 2, 4, and 6 to

O A /N

Figure 8.57 (a} An object and (&) primitives used for representing the skeleton by means of
a iree grammar.
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Q- 8
D@

Figure 8.58 Vertex primitives. (From Gips [1974], © Pergamon Press.)

be applied the same number of times generates a structure in which all three
legs are of the same length. Similarly, requiring that productions 4 and 6 be
applied the same number of times produces a structure that is symmetrical
about the vertical axis in Fig. 8.57a. {1

We conciude this section with a brief discussion of a grammar proposed by
Gips [1974] for generating three-dimensional objects consisting of cube structures.
As in the previous discussion, the key to object generation by syntactic technigues
is the specification of a set of primitives and their interconnections. In this case,
the primitives are the vertices shown in Fig. 8.58. Vertices of type T are further
classified as either Ty or Ty, using local information. If a T vertex is contained in
a parallelogram of vertices it is classified as type Fy. If a T vertex is not con-
tained in a parallelogram of vertices, it is classified as type 7). Figure 8.59 shows
this classification.

] A

B}

Figure 8.59 Further classification of T vertices.
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The rules of the grammar consist of specifying valid interconnections between
structures, as detailed in Fig, 8.60. The vertices denoted by double circles denote
central vertices of the end cube of an object where further connections can be
made. This is iilustrated in Fig. 8.61 which shows a typical derivation using the
rufes of Fig. 8.60. Figure 8.62 illustrates the range of structures that can be gen-
erated with these rules.

8.6 INTERPRETATION

In this discussion, we view interpretation as the process which endows a vision
systern with a higher level of cognition about its environment than that offered by
any of the concepts discussed thus far. When viewed in this way, interpretation
clearly encompasses all these methods as an integral part of enderstanding a visual
scene. Although this is one of the most active research topics in machine vision,
the reader s reminded of the comments made in Secs. 7.1 and 8.1 regarding the
fact that our understanding of this area is really in its infancy. In this section we
touch briefly upen & number of topics which are representative of current efforts
toward advancing the state of the art in machine vision,

The power of a machine vision system is determined by its ability to extract
meaningful information from a scens under & broad range of viewing conditions
and using minimal knowledge about the objecis being viewed. There are a number
of factors which make this type of processing a difficult task, including variations
in illumination, occluding bodies, and viewing geometry. In Sec. 7.3 we spent
considerable time discussing fechniques designed to reduce variability in illumina-
tion and thus provide a relatively constant input to a vision system. The back- and
structured-lighting approaches discussed in that section are indicative of the
extreme levels of specialization employed by current industrial systems 10 reduce
the difficuities associated with arbitrary lighting of the work space. Among these
difficulties we find shadowing cffects which complicate edge finding, and the intro-
duction of nonuniformities on smooth surfaces which often results in their being
detected as distinet bodies. Clearly, many of these problems result from the fact
that relatively little is known about modeling the illumination-reflectance properties
of 3D scenes. The line and junction labeling techniques discussed in Sec. 8.4
represent an attempt in this direction, but they fall short of explaining the interac-
tion of illumination and reflectivity in quantitative terms. A more promising
approach is based on mathematical models which attempt to infer intrinsic relation-
ships between iflumination, reflectance, and surface characteristics such as orienta-
tion (Horn {1977}; Marr [1979]; Katsushi and Horn [1981]).

Occlusion problems come inte play when we are dealing with a multiplicity of
objects in an unconstrained working cnvironment. Consider, for example, the
scene shown ir Fig. 8.63. A human observer would have little difficulty, say, in
determining the presence of two wrenches behind the sockets. For a machine,
however, interpretation of this scene is a totally different story. Even if the system
were able to perform a perfect segmentation of object clusters from the back-
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Rule &

Rule: 7

Rule 8

Rule &

Figure 8.60 (continued}

ground, al} the two-dimensional procedures discussed thus far for description and
recognition would perform poorly on most of the occluded objects. The three-
dimensional descriptors discussed in Sec. 8.4 would have a better chance, but even
they would yield incomplete information. For instance, several of the sockets
would appear as partial cylindrical surfaces, and the middle wrench would appear
as two separate objects.

Processing scenes such as the one shown in Fig. 8.63 requires the capability to
obtain descriptions which imherently carry shape and volumetric information, amd
procedures for establishing relationships between these descriptions, even when
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Ruic §

Figure 8.61 Sample derivation using the rules in Fig. 8.60. (Adapted from Gips [1974].
© Pergamon Press.)

they are incomplete. Ultimately, these issues will be resolved only through the
development of methods capable of handling 3D information obtained either by
means of direct measurements or via geometric reasoning techniques capable of
inferring (but not necessarily quantifying) 3D relationships from intensity imagery.

As an exampie of this type of reasoning, the reader would have litle difficulty
in arriving at a detailed interpretation of the objects in Fig. 8.63 with the exception
of the object occluded by the screwdriver. The capability to know when interpre-
tation of a scene or part of a scene is not an achievable task is just as important as
correcily analyzing the scene. The decision to look at the scene from a different
viewpoint (Fig. 8.64) to resolve the issue would be a natural reaction in an intelli-
gent observer,

One of the most promising approaches in this direction is research in model-
driven vision (Brooks [1981]). The basic idea behind this approach is to base the
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Figure 8.62 Sample three-dimensional structures generated by the rules given in Fig. 8.60.
(From Gips [1974], © Pergamon Press.}

interpretation of a scene on discovering instances of matches between fmage data
and 3D medels of volumetric primitives or entire objects of interest. Vision hased
on 3D medels has another important advantage: It provides an approach for han-
dling varizaces in viewing geometry. Variability in the appearance of an object
when viewed from different positions is one of the most serious problems in
machine vision, Even in two-dimensicnal situations where the viewing geometry is
fized, object orientation can strongly influence recognition performance i not han-
died properly {the reader will recall numerous comments made about this in Sec.
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Figure 8.63 Oblique view of a three-dimensional scene,

Figure 8.64 Another view of the scene shown in Fig. 8.63.
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8.3). One of the advantages of & model-driven approach is that, depending on a
known viewing geometry, it is possible to project the 3D model onto an imaging
plane (see Sec. 7.4) in that oricntation and thus simplify the match between an
unknown object and what the system would expect to see from a given viewpoint.

8.7 CONCLUDING REMARKS

The focus of the discussion in this chapter is on concepts and techniques of
machine vision with a strong bias toward industrial applications. As indicated in
Sec. 8.2, segmentation is one of the most important processes in the early stages of
a machine vision system. Consequently, a significant portion of this chapter is
dedicated to this topic. Pollowing segmentation, the next task of a vision system is
to form a set of descriptors which will uniquely identify the objects of a particular
class. As indicated in Sec. 8.3, the key in selecting descriptors is to minimize
their dependence on object size, location, and orientation.

Although vision is inherently a three-dimensional problem, most present indus-
trial systems operate on image data which are often idealized via the use of spe-
cialized illumination techoiques and a fixed viewing geometry. The problems
encountered when these constraints are relaxed are addressed briefly in Sees. 8.4
and 8.6

Our treatment of recognition techniques has been at an introductory level.
This is a broad area in which dozens of books and thousands of articles have been
written. The references at the end of this chapter provide a pointer for further
reading on both the decision-theoretic and structural aspects of pattern recognition
and related topics.
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PROBLEMS

8.1 {a) Develop a general procedure for 'obtaining the normal representation of a line given
its slope-intercept equation ¥y = ax + b. (b Find the normal representation of the line
yo= —2x + 1,

8.2 (&) Superimpose on Fig. 8.7 all the possible edges given by the graph in Fig. 8.8. ()
Compute the cost of the minimum-cost path.

8.3 Find the edge corresponding to the minimum-cost path in the subimage shown below,
where the numbers in parentheses indicate intensity. Assame that the edge starts on the first
column and ends in the fast column.

0 1 2
(é) (i} {(;}
(;) (i) {%)
® ® @

8.4 Suppose that an image has the following intensity distributions, where p(2}
corresponds o the intensity of objects and p; (z) corresponds to the intensity of the back-
ground. Assuming that P, = P;, find the optimum threshold between object and back-
ground pixels.

8.5 Segment the image on page 448 using the split and merge procedure discussed in Sec.
8.2.3. Let P{R,) = TRUE if all pixels in R; have the same intensity. Show the quadtree
corresponding to your segmeniation.
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8.6 (a) Show that redefining the starting point of a chain code so that the resulting sequence
of numbers forms an integer of minimum magnitude makes the code independent of where
we initially start on the boundary. (5) What would be the normalized starting point of the
chain code 1107676554313227

8.7 (a) Show that using the first difference of & chain code pormalizes it o rotation, as
explained in  Section 83.1. (b} Compute the first difference of the ocode
0101030303323232212111,

8.8 (a) Plot the signature of a square boundary using the tangent angle method discussed in
Sec. 8.3.1. (b) Repeat for the slope density function. Assume that the square is atigned
with the x and y axes and jet the x axis be the reference line. Start at the corner closest to
the origin.

8.9 Give the fewest number of moment descriptors that would be needed to differentiate
between the shapes shown in Fig. 8.29,

8.10 (a) Show that the rubberband polygonal approximation approach discussed in Sec.
8.3.1 yields a polygon with minimum perimeter. (b) Show that if each cell corresponds to a
pixel on the boundary, then the maximum possible error in that cell is \5{1, where d is the
gtid distance between pixels.

8.11 (@) What would be the effect on the resulting polygon if the error threshold were set
to zero in the merging method discussed in Sec, 8.3.17 (5) What wouid be the effect on the
splitting method?

B.I2 (2} What is the order of the shape number in cach of the following figures?
(b) Obtain the shape number for the fourth figure.

) @ 33 ]

8.13 Compute the mean and variance of a four-level image with histogram p(z;) = 0.1,
Plaz) =04, p(z3) =03, p(zs) = 02, Assume that zy = 0, 7, = 1, z3 = 2, and
o= 3.

8.14 Obtain the gray-level co-occurrence matrix of 2 5 x § image composed of a checker-
board of alternating 1's and s if (@) P is defined as “one pixel to the right,” and (b) “two
pixels to the right.” Assume that the top, left pixel has value 0.
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8.1% Consider a checkerboard image composed of alternating black and white squares, each
of size m X m. (ive a position operator that would yield & diagonal co-occurrence matrix?

8.16 (@) Show that the medial axis of a circular region is a single pelnt at its center. (6)
Sketch the medial axis of a rectangle, the region between two concentric circles, and an
equilateral trnangle.

8.17 (4 Show that thc booican expression given in Eg. (8.3-6) implements the conditions
given by the four windows in Fig. 8.40. (5) Draw the windows corresponding te 8, in Eq.
{8.3-7),

8.18 Draw a tribedral object which has a junction of the form

8,19 Show that using Eq. (8.5-4) w classify an vnknown pattern veeter x* is equivalent to
using Eq. (8.5-3).

8.26 Show that D(A, B) = 1/k satisfies the three conditions given in Eqg. (8.5-7).

8.21 Show that # = max (|G [, 1G]y —~ 4 in Eq. (8.5-8) is zero if and only if ¢, and
Cy are identicad strings.





