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Description and Discrimination of Planar Shapes
Using Shape Matrices
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Abstract—A shape descriptor has been developed which can describe
a shape independent of its translation, rotation, and scaling. The de-
scription is in the form of a matrix and it is obtained by a polar quan-
tization of a shape. The quantization process takes into consideration
not only a shape’s outer geometry but its inner geometry as well. The
descriptor is information preserving and if the quantization parame-
ters are selected properly, it is possible to reconstruct an original shape
from its description. In this technique, shape discrimination is possible
by a simple EXCLUSIVE-OR operation on shape descriptions.

Index Terms—Information-preserving description, object-centered
description, shape discrimination, shape matrix, template matching.
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I. INTRODUCTION

Description and discrimination of planar shapes is one of the
fundamental problems in computer vision and pattern recognition.
To discriminate shapes, a procedure to describe them is usually
required. Then, by comparing shape descriptions, shape discrimi-
nation is achieved.

There are various measures for describing a shape. Some mea-
sures use distances such as the ratio of the length of the longest side
and the perimeter of the shape, the standard deviation of the length
of the sides of the shape, and the length of the perimeter and the
derivatives of its side lengths [16]. Some measures use angles such
as the ratio of the largest to the smallest angle, the ratio of the
largest angle to the total degree of angles, and the standard devia-
tion of angles [16].

Moments of side lengths, radii, and angles are used to describe
shapes too. In [2], the first four moments of the angles given by

n
M = ZI (@; — a)in
P
are used to describe shapes. In this formula, k is the power of the
moment, 7 is the number of angles, g; is the size of angle i, and a
is the mean of the angle. Similar formulas can be used to compute
the moments of side lengths and radii.

A measure which describes the degree of compactness of a shape
is P2/A where P and A are the perimeter and area of the shape,
respectively [16]. Given different shapes of a constant area, the one
with the smallest perimeter is the most compact shape.

Other measures which are used for shape description are mea-
sures of regularity [16] and angular variability [1]. Regularity is
defined as the ratio of the standard deviation of side lengths and
standard deviation of all angles. Angular variability is the mean
absolute difference of adjacent angles taken in overlapping pairs
about the boundary where convex angles are given a positive sign
and concave angles are given a negative sign.

A description which is obtained by polar quantization of a shape
is described in [12]. In this description, the shape contour is sam-
pled with equal angular steps relative to the center of gravity of the
shape. Then, distances of the sample points to the center of gravity
of the shape are plotted as a function of their angles. The obtained
waveform has been called the signature of the shape. If, at a given
angle, the contour is intersected at more than one point, the largest
distance or the sum of the distances is used as the distance value
for the angle.

The shape measures (descriptors) that were given above are not
information preserving because it is not possible to reconstruct the
original shapes using their descriptions. A large number of shapes
may have the same description. There are descriptors, however,
that are information preserving and uniquely represent a shape.
Some of the information-preserving descriptors are: invariant mo-
ments [8], Fourier descriptors [13], [15], and centroidal profiles
[5].

Freeman’s centroidal profile is similar to the Peli’s shape signa-
ture except that instead of taking sample points at equal angular
steps, the sample points are taken at equal distances on the shape
contour. In the centroidal profile, since each point on the shape
corresponds to a unique point on the profile, the representation is
unique and information preserving.

By traveling along a closed boundary repeatedly, the centroidal
profile is repeated also creating a periodic function. Fourier de-
scriptors express a centroidal profile by Fourier series and use the
obtained Fourier coefficients to characterize a shape.

Another information-preserving shape descriptor is the invariant
moments developed by Hu [8]. In this technique, coordinates of
points belonging to the shape are used to compute a set of moments.
Then, the moments are normalized to obtain measures that are in-
variant under translation, rotation, and scaling of the shape. In [4],
invariant moments have been used to identify aircraft shape bound-
aries.

0162-8828/85/1100-0738$01.00 © 1985 IEEE
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Most techniques for shape description use shape boundaries and
the patterns inside the shape are forgotten. In many instances (such
as industrial parts, chinese characters, etc.), information about in-
ternal geometry of a shape considerably enhances the shape dis-
crimination process. In the following, a shape descriptor which takes
into consideration the shape’s internal geometry as well as its ex-
ternal geometry is described.

II. SHAPE DESCRIPTION

In this section, a shape is transformed into a matrix by polar
quantization of the shape. Assuming O is the center of gravity of
the shape and OA with length L is the maximum radius of the shape,
to obtain an m X n matrix representation of the shape, we devide
OA into n — 1 equal distances and draw circles centering at O and
radii L/(n — 1),2L/(n — 1), + -+ (n — 1) L/(n — 1), see Fig. 1(a).
If the circles intersect the maximum radius of the shape (line OA)
atiy, iy, - * * i,—,, then starting from i, i, - * - i, and counter-
clockwise, we divide each circle into m equal arcs, each arc being
dfd = 360/m degrees. Then an m X n matrix is constructed ac-
cording to the following algorithm. This matrix will be called the
‘“‘shape matrix.”

Algorithm 1: Construction of a shape matrix of size m X n for
a given shape.

1. Create an m X n matrix and call it M

2. Fori =0ton — 1

3. Forj=0tom — 1

4. If the point with polar coordinates (iL/(n — 1),
Jj(360/m)) lies inside the shape, then let M(i, j): =
1
otherwise let M(i, j): = 0.

The shape matrix of Fig. 1(a) for m = 6 and n = 5 is shown in
Fig. 1(b). Note that when implementing the shape matrix, infor-
mation was gathered in an object-centered coordinate system that
was normalized with respect to the maximum radius of the shape.
The obtained shape matrix is invariant of translation, rotation, and
scaling of the shape.

If the shape does not have any holes and each radial axis inter-
sects the shape at only one point, then the shape signature of Peli
[12] is similar to the boundary between the 0’s and 1’s in the shape
matrix. However, when the shape has holes or if some radial axes
intersect the shape at more than one point, then shape signature
and boundary of 0’s and 1’s in the shape matrix would be different.
Fig. 2 shows a shape of the first kind and Fig. 3 shows a shape of
the second kind with their shape matrices and signatures.

Representing a shape in matrix form has many nice properties.
In Section III, some of the properties of shape matrices are dis-
cussed.

III. PROPERTIES OF SHAPE MATRICES

Marr and Nishihara [9] have proposed three criteria for judging
the effectiveness of a shape descriptor. These are accessibility, scope
and uniqueness, and stability and sensitivity. In the following, these
criteria will be used to evaluate the effectiveness of shape matrices
as shape descriptors.

A. Accessibility

Accessibility tells how economically (in terms of computation
time and memory usage) a descriptor can be generated from a shape
in digital images. To implement a shape matrix of size m X n for
a given shape, algorithm 1 requires mn operations. Each operation
being two multiplications and a memory lookup. The memory re-
quirements for the shape matrix is m X n bits. How large are m and n?

If there are L pixels on the maximum radius of the shape, it
would not make sense to let n > L because then we would be quan-
tizing the shape with steps smaller than a pixel and this would only
bring repeated information. Therefore, n < L. Assuming a com-
plete solid circular shape of radius L, there will be 2xL pixels on
the perimeter of the shape and again quantizing the shape by an-
gular steps smaller than df = 360/27L degrees would not make
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Fig. 1. (a) A shape and (b) its shape matrix.
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Fig. 2. (a) A shape with no hole and no radial axis intersecting the shape
at more than one point. (b) Shape matrix. (c) Shape signature.

(a) W)

Fig. 3. (a) A shape with holes and some radial axes intersecting the shape
at more than one point. (b) Shape matrix. (c) Shape signature.

sense because more than one radial axis will be passed through
pixels even on the boundary of a circle. Therefore, n < 360/df =
2xL.

To compare the memory requirements of shape matrices and
shape signatures, let us assume that a measurement can be stored
in 16 bits of memory. Then for shapes with maximum radius L <
16, a shape matrix would require less or equal amounts of memory
than a shape signature. Because the number of angular sample points
is equal to the number of rows in the shape matrix, and we require
16 bits of memory to store the value of each sample point in the
shape signature, while each row of the shape matrix, in this case,
will be at most 16 bits memory. However, as the size of a shape
increases, a shape signature would require less memory than a shape
matrix to represent the shape.

B. Scope and Uniqueness

Scope shows the class of shapes that can be described by the
descriptar, and uniqueness tells whether a description viquely de-
scribes a shape or it represents a wide range of shapes. Shape ma-
trices can represent any digital shape with no restrictions and,
therefore, scope of shape matrices involve all planar shape patterns.
If m and n are selected large enough (m = 27L and n = L), and
the shape has only one maximum radius, then the representation is
unique and the original shape can be reconstructed from its shape
matrix. If a shape has many maximum radii, we can obtain as many
descriptions as there are maximum radii in the shape. However, in
this case as well, each description uniquely describes the shape, and
from any of the descriptions we can obtain the original shape back.

To show the uniqueness of shape matrices, first, an algorithm
which reconstructs a shape from its shape matrix is given. Then, it
is proven that the obtained shape is the same as the original one.

Algorithm 2: Reconstruction of a shape from its shape matrix M
of size m X n.
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1. Generate a grid with 2n — 1) X (2rn — 1) cells, call it G
2. Assuming a Cartesian coordinate system at the center of the
grid, as shown in Fig. 4, then
Forx =—(m - 1to(n—-1)

3. Fory=—(n—-lto(n — 1)

4. Compute i: = tan~' (y/x)/dd where d6 = 360/m.

5. Compute j: = sqrt (x> + y?).

6. Ifj>n—-1 then let G(x, y): = 0  otherwise

let G(x, y) = M(, j).

Fig. 4 shows reconstruction of Fig. 1(a) by applying algorithm 2
on the shape matrix of Fig. 1(b). ’

Proposition 1: If the values of m and n are selected properly
(m = 2xL and n > L), then a shape matrix that has been obtained
by algorithm 1 can be used to reconstruct the original shape using
algorithm 2. In the following, an element of the original shape is
referred to as a pixel, an element of the shape matrix is referred to
as an element, and an element of the grid produced by algorithm 2
is referred to as a cell. L is the number of pixels on the maximum
radius of the shape.

Proof: A pixel which belongs to the shape at distance d < L
from the center of gravity of the shape can be viewed from the
center of gravity of the shape by angle df' = 360/2xd = 360/
27L°. Now, if we let m = 2xL and n = L, then two neighboring
elements in a column of the shape matrix differ by df = 360/m <
360/2xL = d6'° and two neighboring elements in a row of the
shape matrix differ by L/n < 1 units. This shows that each pixel
in the shape is mapped to at least one element in the shape matrix
by algorithm 1.

Also, since a cell at distance d’ < L from the center of the grid
is viewed from the center of the grid by angle d8” = 360/2nd ' =
360/m = d#, then in algorithm 2, a cell in the grid also corresponds
to at least an element in the shape matrix. This shows that each
element of the grid is marked at least once by algorithm 2.

Now, if element (7, j) of the matrix is 1, the cell with coordinates
(x; ) [such that the cell’s distance to the center of the grid is
sqrt (¢* + y?) and its angle with respect to the x axis is tan™! y/x]
will be marked as belonging to the shape by algorithm 2. We also
know that element (i, j) of the shape matrix is set to 1 by algorithm
1 only if the pixel at distance iL/(m — 1), from the center of gravity
of the shape and angle j (360/m) with the maximum radius of the
shape, belongs to the shape. Since i(360/m) = tan~' (y/x) and jL/
(n = 1) = sqrt (x* + y*) with a scaling factor, (L/(n — 1) is the
unit of measurement of the original shape. Therefore, the recon-
structed shape will have the same geometry as the original shape.
We conclude that if a shape with maximum radius L is available and
a shape matrix of size m = 2xL and n = L is constructed using
algorithm 1, the original shape can be reconstructed from its shape
matrix using algorithm 2.

C. Stability and Sensitivity

Stability tells how stable the description is in representing the
general property of the shape, and sensitivity shows how sensitive
the description is to finer distinctions between shapes. For a shape
with maximum radius L, if we take the dimensions of the shape
matrix m =27L and n = L then according to Section III-B, the
description will be information preserving and it will provide all
details in the shape, therefore enabling discrimination of shapes
even with small differences. The amount of memory used to store
this shape matrix is 27L* which is at least 2 times larger than the
original shape. This is the cost to be paid in terms of memory to
store an information-preserving description.

When a coarser sampling rate is applied (m < 27L, n < L),
such as shape signatures, shape matrices remain sensitive to small
details in the shape which actually could be the noise. Therefore,
when coarse sampling is required, it is advisable to smooth the shape
first to remove the noise and then carry out the sampling.
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Fig. 4. Shape obtained by applying algorithm 2 on shape matrix of
Fig. 1(b).

IV. SHAPE DISCRIMINATION

Since shape matrices describe shapes independent of their posi-
tion, orientation, or scale, to discriminate shapes, we only need to
compare their shape matrices. Because shape matrices are binary
matrices, their comparison would involve only an EXCLUSIVE-OR
(XOR) operation. The more similar two shape matrices are, the
fewer the number of 1’s in the obtained matrix. More specifically,
the similarity between two shapes can be determined by the follow-
ing algorithm.

Algorithm 3: Determination of similarity between two shapes
with shape matrices M1 and M2 of size m X n.

1. §: =0
2. Fori =0tom — 1.

3. Forj=0ton — 1
4. I__'—s: = § + MI(, j) .XOR.M2(i, j)
5. Similarity: = 1 — §/(m — 2) n.

Step 5 of algorithm 3 is adjusted so that when two shapes are
completely similar (§ = 0), we obtain similarity = 1. A circle and
a line have been defined as two completely dissimilar shapes. A line
corresponds to a shape matrix with two rows of 1’s and a circle
corresponds to a shape matrix with all elements equal to 1. Their
difference is § = (m — 2) n, and similarity = 0 is obtained. Other
shapes will produce similarities between 0.0 and 1.0.

It should be noted that algorithm 3 implicitly assumes that each
shape has a unique maximum radius. If some shapes have more than
one maximum radius, the matching should be carried out for the
shape matrices obtained by each maximum radii. The matching that
gives the highest similarity measure should be taken as the correct
one. In noisy images where an artificial maximum radius could be
obtained anywhere on the shape, a full cyclic rotation of one shape
should be matched with the other shape.

The computational complexity of algorithm 3 is mn operations
where each operation consists of an EXLUSIVE-OR and an addition.
Assuming the maximum radius of a shape is L pixels, using
m = 2zL and n = L, the computation time would be proportional
to 27L*. Note that the EXLUSIVE-OR can be carried out word-by-
word rather than bit-by-bit. If done so, less computation time would
be needed.

If the shape signature had been used, the computation time would
have consisted of the following.

® Time for cross correlating two shape signatures each with m
sample points. This would take m = 2xL multiplications.

® If the shapes have rotational differences, one of the signatures
should be incrementally rotated and the above operation should be
repeated m times. Therefore, the total computation time would be
47°L? multiplications.

® If the shapes have scaling differences too, it is required to es-
timate the scaling factor by minimizing the squared errors at each
rotational increment which would be a multiplication factor to the
above time complexity when discriminating shapes.
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This shows a multiplication factor (of at least 27) speed advan-
tage of shape matrices over shape signatures in discriminating
shapes.

V. APPLICATIONS

In this section, some suggestions regarding the applications of
shape matrices will be given.
A. Detecting Defective Objects

Consider a production line where one kind of object is being
produced and then laid on a conveyor belt. A camera is mounted
above the belt, and anytime an object comes beneath it, a picture
is taken of the object (see Fig. 5). The task is to determine whether
the observed object is in good shape or if it is defective.

Assume that the belt has different intensity distributions than the
object so that a simple thresholding can extract an object from the
background. Also assume that the object is flat and can be laid on
the belt in only one way (or has a unique projection when viewed
from the above). The position and orientation of objects on the belt
can be arbitrary.

If a part of an object is missing or a hole on the object is mis-
placed, the defect will appear on only the few rows that correspond
to the angle of the defect with the maximum radius of the shape..
When the shape matrices of an object and its model are compared,
and if the differences concentrate on only a few rows, we can con-
clude that a defect at the orientation given by the rows exists. This
property is shown in Fig. 6. In this figure, shape matrices of a sensed
object and its model are compared. The result shows that rows 2,
3, 4, and 5 have large differences while other rows have small dif-
ferences. This information détermines the position and magnitude
of the defect.

B. Template Matching in Rotated Images

Since the pattern in a window need not be connected to be able
to construct its shape matrix, the proposed shape discrimination
technique can be used to locate templates in a rotated binary image.
Note that to be able to locate a template in a rotated image, the
shape of the template should be circular so that when the template
is shifted on the image at the match position, the template and the
window underneath it cover the same pattern independent of the
rotational difference between the template and image [7].

To locate a circular template in an image, we can follow the
traditional approach to template matching [3], but instead of
comparing the raw template to the raw windows in the image, we
compare their shape matrices according to algorithm 3.

C. Character Recognition

Alphabet characters in any language constitute a set of patterns
that could have disconnected parts, could be curvey or have straight
lines, or could have closed or open lines. Shape matrix is a tool
which, independent of a character set’s curviness or connected-
ness, can be used to recognize characters.

Characters are usually read as binary patterns and binary pat-
terns are appropriate for transformation to shape matrices. Since
the proposed algorithm for shape description and shape discrimi-
nation contain simple operations, they can be implemented in hard-
ware and be used in real time applications. For a small character
set, shape matrices of smaller size would suffice while for larger
character sets (such as Chinese characters) larger size shape ma-
trices would be required. It should be noted that although the posi-
tion, orientation, or scale of the sensed characters could arbitrarily
change, the characters should be machine printed (not hand
printed), otherwise the technique would not be applicable.

VI. REsuLTs
To evaluate the performance of shape matrices in discriminating
shapes, 26 uppercase alphabet characters, as shown in Fig. 7(a),
were used. The characters were digitized once, as shown in Fig.
7(b), and then rotated by about 45°, and the camera distance was
increased (to reduce the scale of the alphabets) and digitized again.
See Fig. 7(c). The two sets of characters are in good shape except
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Fig. 5. The system setup for detection of defective objects.
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FEtTEIEEtetteTy 111101111100111 1
i eteses 111000011111000 5
10000000 111000010000000 4
11009000959 110000100000000 4
111000000000 111000000000000 3
0 111111000000000 0
FEREEEr ATt Tt 111110000000000 1
111110000000000 111110000000000 0
FEREERt sttt 111110000001000 1
0 111110111111100 1
oo 111111111011100 1
A e00es 111111111110000 1
oo 111111111000000 1
oS 111111110000000 1
RTTRERELII T 111111100000000 1
Hai1o000000 111111100000000 1
111111110000000 111111110000000 ]
1111110000009 111111110000000 0
111311111000000 111111111000000 0
111111111001110 111111111110000 0
Hilla01a0 111111111001100 1
i1l 111111111111000 1
e aoo0e 111110000000000 0
s 111110000000000 0
I 0000s 111110000000000 0
111117000000009 111111000000000 0
111111100000000 0
111111100000000 111111100000000 0
111111110000000
111111110000000 111111110000000 0
111111111111100 1
©) (d) ©

Fig. 6. (a) A model object. (b) A defective object. (c) Shape matrix of (a).
(d) Shape matrix of (b). (¢) Number of elements on each row of matrices
of (c) and (d) that are different.

that they have translational, rotational, and scaling differences. The
problem was to determine the correspondence between the char-
acter sets of Fig. 7(b) and (c).

The size of the image of Fig. 7(b) is 240 X 240, and each char-
acter can fit in a 32 X 32 window. The size of the characters of
Fig. 7(c) are about 0.75 of the size of the characters in Fig. 7(b).
The alphabets in Fig. 7(b) and (c) were transformed to shape ma-
trices of size 60 X 16 by algorithm 1. Then algorithm 3 was used
to determine similarity between all character combinations in the
two sets. The results are shown in Table I. As can be seen in Table
I, all assigned correspondences are correct and the similarity of the
best-match for each character is considerably higher than the sim-
ilarity of the second best-match, and the similarity of the second
best-match is close to the similarity of many other matches. This
makes the best-match stand out among others matches, and there-
fore, establish a clear correspondence.

When the shape signature of Peli, with 60 sample points, was
used, three mismatches were obtained. Characters C, G, and K of
Fig. 7(b) were mismatched with characters G, D, and O of Fig.
7(c), respectively, and characters G, H, and K of Fig. 7(c) were
mismatched with characters D, B, and E of Figure 7(b), respec-
tively.

VII. CONCLUSION

Polar representation of planar shape patterns was examined.
Shapes in a circular window in an image can be transformed to a
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Fig. 7. (a) Origninal characters. (b) digitized. (c) rotated by 45°, slightly
reduced in scale, and digitized again.

TABLE 1
ALPHABET SHAPE SIMILARITIES OF FIG. 7(b) AND (c). THE BEST MATCHES
ARE UNDERLINED ~ ~

A 42 .42 .61 .73 ,42 .59 .62 .63 .68 .63 .68
8 56 .63 .74 .63 .62 .79 .57 .55 .64 .58 .62
c .88 .77 .57 .46 .66 .47 .38 .56 .44 .56 .47
o 776 .84 .58 .49 .75 .53 .37 .57 .45 .56 .54
E 49 44 .94 .72 .51 .60 .64 .73 .69 .67
F .42 .43 (76 .90 .48 .66 .72 .80 .71 .69 .66
G i 76 .76 .54 50 .85 .58 .44 .57 .44 .55 .55
H 50 .60 .66 .65 .59 .90 .63 .60 .67 .63 .66
1l 41 .39 .65 .72 .45 66 .91 .75 .78 .75 .58
J 54 .55 .69 .77 .56 .59 .71 .94 .64 .79 .58
K 40 .40 .71 .74 .41 .67 .74 67 .89 .69 .64
L 56 .54 .64 .65 .53 .65 .74 .78 .66 .90 .57
[ 44 .51 .60 .68 .54 .73 .61 .64 .68 .63 .82
N 46 .54 .64 .61 .60 .79 .69 .59 .72 .58 .64
[ 81 .77 .38 .29 .75 .42 .29 .43 .27 .45 .42
P 51 .53 .62 .78 .54 .54 .53 .73 .61 .66 .64
Q 80 .84 .46 .43 .75 .51 .39 .53 .36 .52 .51
R .52 .57 .72 .76 .65 .69 .60 .72 .71 .71 .62
s 57 .55 .70 .55 .67 .70 .68 .59 .67 .54 .54
T 45 .43 .71 .70 .49 .73 .81 .68 .73 .75 .56
u .68 .73 .60 .60 .63 .59 .49 .60 .56 .62 .56
v .52 .54 .60 .66 .51 .54 .57 .66 .62 .69 .67
W 42 .43 .72 .73 .47 .65 .65 .64 .72 .63 .71
X 38 .38 .65 .72 .45 .75 .79 .67 .76 .67 .37
Y 36 .34 .69 .70 .46 .66 .74 .68 .77 .72 .61
z .63 .52 .70 .58 .56 .75 .80 .62 .64 .67 .59
c D E F G H I J K L M

rectangular grid (in this correspondence called a shape matrix) by
polar quantization of the shape. It was shown that if the quantization
parameters are selected properly, it is possible to reconstruct an
original shape from its shape matrix. The transformation from a
shape to a shape matrix was normalized so that independent of a
shape’s position, orientation, or scale, we obtain the same repre-
sentation. :

An alternative to polar quantization is the logarithmic polar
quantization known as the logarithmic spirals [14]. In the logarith-
mic spirals, instead of taking a constant radial quantization step,
the radial quantization step is increased logarithmically with the
distance of points to the center of the grid. Polar quantizaton shares
some of the same properties of logarithmic spirals such as produc-
ing shape description independent of a shape’s orientation or scale.
Polar quantization has the advantage of being simpler to implement
and faster to compute than the logarithmic spirals.

Compared to shape signatures, shape matrices provide faster
speed in discriminating shapes, and if the shapes under consider-
ation are not too large (L < 16), they consume about the same
amount of memory. For larger shapes, shape matrices consume
more memory than shape signatures, however, shape matrices store
information about holes in the shape while shape signatures are not
capable of doing so. In terms of description and discrimination of

shapes, for simply connected objects whose radii intersect the
boundary only once, shape matrices and shape signatures are log-
ically equivalent. But for objects with holes or multiple intersections
with the radii, shape matrices provide more information about a
shape and are more accurate than shape signatures.
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A Cognitive Heuristic Algorithm for Reseau Mark
Detection by Hill Climbing

B. V. SHEELA

Abstract—A hill-climbing approach for the automatic detection of
Reseau marks (RM) on the vidicon type of imagery is presented. This
procedure is based on the minimization of a figure of merit which is a
measure of the clustering nature of the gray values of the Reseau pixels
around a nominal value. The often-encountered problem of false de-
tection is circumvented by incorporating the concept of “learning” the
mean gray value of the RM pixels. Results of applying the algorithm to
both synthetic and actual imagery demonstrate the efficacy of the pro-
posed method.

Index Terms—Clustering, geometric distortions, hill-climbing, ran-
dom search, remotely sensed imagery, Resean marks, shadow casting,
variable transformations, vidicon sensors.

I. INTRODUCTION

The concept of digital correction of remotely sensed imagery has
been gaining acceptance around the world thanks to the develop-
ment of very efficient and sophisticated image processing algo-
rithms and the digital hardware to match them. The geometric er-
rors in the vidicon type of imageries that are sensor related, termed
the internal errors, could be characterized by the knowledge of the
nominal and actual locations of the Reseau marks (RM). These
marks are opaque cruciform shapes inscribed on the faceplate of
the sensor whose locations on the imagery are to be accurately de-
termined. A single scene/picture frame could contain as many as
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Fig. 1. Reseau mark inscribed in a search area.

81 (as in the case of the return beam vidicon [RBV] imagery of
LANDSAT) uniformly spaced RM’s. Typical dimensions of these
marks would be 32-33 pixels along the arms and 3-4 pixels across
(Fig. 1). The percentage uncertainty of the sensor dictates the area
of the picture in which a particular RM could be found with cer-
tainty. This defines the so-called search area in which an RM is to
be detected. Essentially, the problem with RM location is to deter-
mine the line number /. and pixel number p, of the center of the
RM given the gray values g;; of each of the pixels in the search
area. As observed in [1], even a +1 percent geometric error leads
to an uncertainty of 40 pixels in both horizontal and vertical direc-
tions around the nominal locations of the RM in RBV imagery. This
makes search area dimensions as large as 128 X 128 pixels an in-
evitable necessity in order that the RM be found in the search area
with certainty. One of the widely used methods for RM location is
that of shadow casting [1], [2]. As observed by Bernstein in [2],
this procedure suffers from a few disadvantages in that it is found
to be too sensitive to the deviations in the size, shape, and intensity
of RM’s in addition to being incapable of recognizing the absence
of a RM in a given search area. To overcome these pitfalls Bernstein
has reported a new algorithm which takes advantage of the fact that
RM’s are invariably the darkest objects in the search area. Steps
are also incorporated in that algorithm to discard fictitious RM’s.
This elegant method, based on local averaging, is admittedly very
efficient and foolproof more often than not, but it is neither very
difficult to envisage nor improbable to encounter situations where
such a seemingly universal method could fail to detect a RM or
could make a costlier mistake of false RM detection. This problem
is addressed in Section II. Section III describes the new algorithm,
while Section IV presents some test results followed by conclusions
in Section V.

1I. EARLIER METHODS FOR DETECTION

The only available method in the literature for RM detection had
been that of Bernstein and his co-workers at the IBM corporation
{11, [2], based on the *“shadow-casting” procedure. In this method,
the individual row and column sums of pixel gray levels in the search
area are calculated and the detection is carried out by fitting a qua-
dratic to these sums. This algorithm, which was reported to have
worked well with simulated data, has been found to have failed to
locate nearly 90 percent of the RM’s in real RBV images. This
failure was attributed to the deviations in the size, shape and inten-
sity of RM’s caused by beam distortions. To overcome this, Bern-
stein [2] has described an algorithm exploiting the fact that RM’s,
in spite of the variations in their parameters, are invariably the
darkest objects in the search area. This algorithm finds the lowest
column sum and tentatively calls this the column center of the RM.
All columns around this whose sums are lower than the average of
the lowest sum and its background are classified as Reseau col-
umns. The middle column of these is deemed to be the center col-
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