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ABSTRACT

A new intensity-based approach to the classification
of edges was developed and implemented. Using
basic continuity and independence properties of
scenes and images, signatures were deduced for
each of several edge types expressed in terms of
correlational properties of the image intensities in
the neighborhood of the edge. This procedure’s
ability to discriminate occluding contours from cast
shadow boundaries was demonstrated for cases
where line junction cues are absent from the image.

1. Introduction

Fdges in images arise from several very
different kinds of scene event — occluding con-
tours, discontinuities of surface orientation,
material changes, cast shadows, etc. Each kind of
edge contributes its own significant constraints to
image interpretation![!—8] but these constraints can-
not be exploited unless edge types can be dis-
tinguished from each other. Edge classification is

therefore of considerable importance to image
interpretation.

Edge classification in idealized line drawings
has been treated in terms of junction

constraints,[1—8] but the perfect line drawings
required to identify junctions have proved difficult
to obtain from natural images. Hornl% has sug-
gested that the intensity profiles across edges (peak
vs. step, etc.) may provide distinguishing signa-
tures for some edge types. However, this technique
depends on quantitative photometry, and its
effectiveness has never been demonstrated for com-
plex imagery.

This paper describes a classification technique
that, like line-junction methods, relies on structural
rather than quantitative photometric properties of
the image and scene, but unlike those methods,
utilizes the raw image intensities in the neighbor-
hood of the edge, without requiring elaborate ana-
lyses of edge structure. The method follows from
basic properties of image edges — occluding
contours and cast shadows in particular will be con-
sidered —and from basic properties of scene struc-
ture. Occluding contours are “‘seams’ in the pro-
jective fabric, curves across which surface points
that may be widely separated in space are juxlta-
posed in the image by the vagaries of projection.
Cast shadows are curves across which the shadowed
surface’s image undergoes a systematic (ideally,
linear) transformation. Given this characterization,
two basic complementary properties of scenes
suffice to distinguish cast shadows and occluding
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contours from each other and from arbitrary image
curves: (1) the processes that shape, color, and
illuminate natural surfaces act continuously almost
everywhere, and (2) the properties of widely
separated scene constituents are independent.

Given these properties, we conclude that inten-
sities at nearby points on either side of an arbi-
trary curve in the image are likely to be highly
correlated, due to the coherence of surface struc-
ture; intensities at nearby image points across an
occluding contour are likely to be uncorrelated,
because they are actually the projections of distant,
hence independent, surface points; and intensities
across a cast shadow edge are likely to be highly
correlated under a systematic (ideally, linear)
transformation, arising from the interaction of the
continuous underlying surface structure with the
illumination transition.

These observations are applied to image edges
by constructing a family of parallel curves around
the edge, and performing a sequence of linear
regressions of the intensity values along each curve
onto those along its neighbor. The {following
behavior is predicted for each of several edge types:

» A precipitous drop in correlation at the nomi-
nal edge location signifies an occluding contour.

» High correlation with an abrupt shift in the
regression parameters signifies a shadow.

o Sustained high correlation with the additive
and multiplicative regression parameters near
zero and unity, respectively, implies that no
significant edge is present.

» Low correlation throughout implies lack of
coherent surface structure, and no edge type
can be assigned.

These ideal structural ‘‘signatures’ were shown to
closely predict regression sequences obtained from
images of natural edges.

2. Defining the Problem

Because edge types are defined in terms of the
scene events they denote, any method for edge
sorting must provide some basis for discriminating
those events by their appearance in the image. We
therefore begin by characterizing the distinctive
properties of occluding contours and cast shadow
edges, and defining the computational problem of
identifying those edges.

Occluding contours: the projective mapping
from image to scene tends to be continuous,
because physical surfaces tend to be continuous.
Almost everywhere in a typical image, therefore,
nearby points in the image correspond to nearby
points in the scene. This adjacency is preserved



over any change in point of view or scene
configuration, short of rending the connected sur-
faces of which the scene is composed. The distin-
guishing property of occluding contours (which may
be defined as discontinuities in the projective map-

ning) is their svstomatio wnolofion of this rule:
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apparent juxtaposition of two surfaces across an
occluding edge represents no fixed property of
either surface, but is subjcct to the vagaries of
viewpoint and scene configuration. For example, if
you position your finger to coincide with a particu-
lar feature on the wall or outside the window, a
small change in the position of head or hand may
drastically affect their apparent relation. Because
thc fu}ac uyycm afice Ul P.l UALLILI.L_Y .lD thc ha}hucuk Of
occluding edges, the problem in identifying those
edges may be cast as that of distinguishing in the
image the actual proximity of nearby points on con-
nected surfaces from accidental proximity imposed
by projection.

Cast shadows: cast shadows in outdoor scenes

1isually renresent transitions from direct to seat-
usually represent lransitions irom alrecl Lo scat

tered illumination caused by the interposition of an
occluding body between the sun and the viewed sur-

face. The problem in identifving cast shadows is to
face. probiem In laentilying casl shadows 1S 1o

distinguish these transitions in incident illumination
from changes in albedo, surface orientation, and so
forth. This discrimination presents a problem
because the effects of all these parameters are con-
founded in the image data— a change in image
brightness may reflect a change in albedo or sur-
face orientation, as well as incident illumination.
Because the relation among illumination,
reflectivity, orientation, and image irradiance is
well known, the presence of shadows in an image
could be readily detected if a constant reference
pattern could be placed in the scene: when the
apparent brightness of a constant patitern varies
with location, the change in brightness must, by
elimination, be attributed to a change in illumina-
tion. Of course such active intervention is generally
impractical. The problem may be viewed as that of
achieving the effect of viewing a constant pattern
across the shadow edge, without actually placing
such a pattern in the scene. This could be achieved
if some fixed relation were known to hold between
the surface strips on each side of the shadow edge.

In short, occluding contours are curves across
which points that may be distant in space are
placed in apparent juxtaposition by projection,
viclating the continuity of the projective mapping
that holds over most of the image. To identify
occluding contours therefore requires that actual
proximity be distinguished from apparent proximity
imposed by projection. Cast shadows edges are
contours across which the patltern of surface
reflectance has been systematically transformed by
an abrupt change in illumination. To identify cast
shadow edges, the effects of illumination must be
distinguished from those of albedo and surface
orientation, as if a constant reference pattern had
been placed across the edge.
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3. Continuity and independence

The solution we have devised rests on two sim-
ple complementary principles: (1) Continuity:
Surfaces, surface markings, and illumination are
almost everywhere continuous. Therefore, the pro-
jective mapping is almost everywhere continuous,
and image intensities at nearby points tend to be
highly correlated. (2) Independence: The factors
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governing the structure of a scene —the shapes of
objects, and their placement with respect to each
other, to illuminants, and to the vicwer — are so
complex that properties of distinct or widely
separated scene conatltuents may for most ur-
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independence principle is related to the principle of
general position,[4],[8] which assumes isotropy for
viewpoint and object position and orientation.)

One simple measure of continuity or coherence
across an image curve (there are many others) is
linear correlation between the image intensities a
small distance on either side of the curve: a high
positive correlation implies that the irmage strips on
either side of the curve are closely related a low
correlation implies no (linear) relation. Given a
high correlation, a regression equation can be com-
puted to describe the linear transform relating the
intensities across the curve. Several predictions
about correlations and regressions across edges fol-
low from the continuity and independence princi-

nleg:
pies!

The continuity principle implies that high
correlations should often be observed across arbi-
trarily selected curves in the image. However, a low
correlation could just imply low contrast or frag-
mented surface structure.

The independence principle implies that high
correlations should almost mnever be observed
across occluding contours, because thc points
meeting along those curves are not the projections
of nearby points in space.

The independence principle implies that a cast
shadow edge would not have any unusual properties,
were lhe shadowing body removed, because the
light source and the shadowed and shadowing
objects do not ‘‘conspire’” to acheive special align-
ments. Therefore, apart from the effects of the sha-
dow itself, a cast shadow edge should show the same
correlational properties as an arbitrarily selected
curve. Shadows in outdoor scenes are often transi-
tions between two roughly constant levels of illumi-
nation — scattered and direct —and the effect of
an illuminant change on image intensity may be
very roughly idealized as linear. To the extent
these idealizations hold, linear correlations across
cast shadow edges are likely to be as high as those
across arbitrary curves, but the illumination transi-
tion will appear as a perturbation of the regression
equation (ideally, a multiplictive factor for linear
dlgltizatlon an additive one for logarithmic digitiza-
tion

Given a candidate edge in the image, these
observations leave us with the strong implication
that a high correlation of intensities across the
edge ezxcludes the possibility that the edge is an
occluding contour, and the somewhat weaker impli-
cations that a low correlation signals an occluding
contour, and that a high correlation through a sub-
stantial linear transform signals a shadow. The
latter implications are weaker because lack of
correlation may just signify conditions, such as low
contrast, that don't favor correlation. Our conclu-
sions about occluding contours and shadows may be
strengthened by examining a larger neighborhood
around the edge. By embedding the given edge in a
series of parallel curves, a sequence of regressions
can be performed one onto the next. A low correla-
tion throughout signals low contrast or lack of tex-
ture, and no conclusion can be drawn. However, a



sharp notch in an otherwise high correlation, where
the regression sequence crosses the edge, argues
against global low contrast or lack of texture, pro-
viding a stronger indicator that the edge is an
occluding contour. Likewise, sustained high corre-
lation with an abrupt perturbation in one or both
regression paramaters is good evidence for a sha-
dow. Finally, sustained high correlation with no
perturbation of the regression equation provides
evidence that the edge is not physically significant.

4. Implementation and results

Our implementation assumes that an edge has
been located by edge-finding techniques. Hand-
traced edges and zero-crossings in a V*G convolu-
tionl19] were tried as inputs. A parallel family of
curves was constructed around the edge as follows:
at fixed intervals of arc length along the edge, a line
normal to the edge was constructed. The set of
points lying some fixed distance from the edge
along each normal line then defines a ‘‘parallel”
curve. A family of curves was constructed by vary-
ing that perpendicular distance. This construction
amounts to warping a strip of the image, surround-
ing the edge, into a rectangular region, whose cen-
tral column corresponds to the original edge. The
vertical dimension of this ‘“‘rectified strip’’ denotes
arc length on the edge, and the horizontal dimen-
sion denotes perpendicular distance from the edge.
The columns surrounding the central one
correspond to parallel curves on either side of the
edge. Intensity values for the rectified strip were
obtained by bilinear interpolation of the intensities
in the original image, to reduce quantization error.

Once the rectified strip was constructed, a
sequence of linear regressions was performed
between columns. To avoid spurious correlation
imposed by the imaging and digitizing process,
regressions were computed between the ith column
and the (i+2)th. The outcome of this computation
was a normalized correlation, an additive regression
term, and a multiplicative regression term, each a
function of column position. The midpoints of these
plots represent the regression across the original
edge. Points to either side of the plots’ midpoints
represent regressions between adjacent parallel
curves on either side of the original edge.

The idealized edge type ‘‘sighatures”, as
developed in the preceding section, are shown and
explained in fig. 1, in terms of these regression
sequence plots.

Actual image edges, together with rectified
strips and regression plots, are shown and
described in fig.s 2-5. (The edges in these cases
were hand-traced.) Marked correspondence
between the actual and idealized plots is evident to
inspection. No attempt has yet been made to auto-
mate this comparison, although a variety of simple
thresholding schemes might well prove empirically
adequate to the classification task.

5. Conclusions

Two conclusions may be drawn from these
results: first, the correlational properties of inten-
sities in the neighborhood of an edge carry impor-
tant information about the edge’s physical
significance, and second, the very basic principles
of continuity and independence can provide strong
an useful constraints on image interpretation.
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