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Abstract

We frame the problem of object recognition from edge cuesin terms of deter-
mining whether individual edge pixelsbelong to the target object or to clutter,
based on the configuration of edges in their vicinity. A classifier solves this
problem by computing sparse, localized edge features at image locations de-
termined at training time. In order to save computation and solve the aperture
problem, we apply a cascade of these classifiers to the image, each of which
computes edge features over larger image regions than its predecessors. Ex-
periments apply this approach to the recognition of real objects with holes
and wiry componentsin cluttered scenes under arbitrary out-of-image-plane
rotation. *

1 Introduction

Over the past 10 years, significant progress has been made toward the recognition of real,
complex objects in cluttered scenes. There are now object recognition systems whose
detection and false alarm rates are encouraging for real-world applicationg 29]; recently
areal-time detector with comparable performance has even emerged[32]. The most com-
mon target object searched for is the human face, but in principle these systems could be
trained to detect any of a variety of objectsincluding cars and buildings.

Many of these approaches formalize the recognition problem as one of modeling the
appearance of a rectangular image patch circumscribing the object, across changes in
pose[26], lighting[4], or other conditions. Thus, the recognition problem is reduced to ex-
amining aspecific rectangular image template, and using its appearance to decide whether
or not it is the bounding box around the image of the target object.

Since the problem is formulated in terms of rectangular image windows, appearance-
based recognition methods tend to work well when applied to target objects whose pro-
jection into the image fills a rectangular region. However, many objects produce images
that are poorly approximated by rectangles; for objects such asthe chair, table, and lamps
in Figure 1, their bounding boxes in the image will contain a high percentage of pixels
which map to the background or other objects. Most successful recognition techniques
can handlethe variation in template appearanceinduced by asmall number of background

1This research was supported in part by NSF Grant 11S-9907142.
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(a) Example test image (b) Extracted edges (c) Test image with edges over- (d) Recognition result
laid

Figure 1: We address the recognition of objects like chairs(1(a)) and carts(1(c)) based on edge cues (1(b)). An example result
for the cart is shown in 1(d). See Section 1 for an overview and Section 4 for details on experiments.

pixelsin the patch. When most of the template consists of clutter, however, its appearance
can vary widely dueto a modification of the background or object pose, making it difficult
to detect the object based on the entire template.

A possible solution to this problem, proposed by several authors[6][11][22][30], isto
break up the image representation of the object into a collection of smaller rectangles,
each of which corresponds to a sub-section of the object. This strategy may be effective
for some objects; consider, however, the recognition of an object containing elongated,
wiry components such as the chair in Figure 1(a). Any image template larger than afew
pixels across will intersect mainly clutter pixels when placed over any portion of the legs
or armrests, and it is doubtful that image patchesafew pixels squarewill contain sufficient
information to discriminate the appearance of the object from the background.

Furthermore, popular approaches to object recognition analyze the greylevel or color
texture patterns in candidate patches; thus they tend to work well when the target object
has significant visual texture. Faces, cars, and buildings tend to possess this characteris-
tic. But for the objects in Figure 1, along with many other common objects, there will
be too little appearance variation to use texture as a cue for discrimination. Thus, while
template-based techniques are effective for some objects, we feel it isworth investigating
the problem of recognition from alternative cues, especially shape. Specifically, we hope
to use machine learning techniques to boost the effectiveness of the contour-based recog-
nition paradigm popular in the 19805 16] to the point of feasibility in high-clutter scenes
under significant 3D pose variation.

In this paper we address the problem of using shape cues to detect a particular object,
such as the specific chair in Figure 1(a), across varying poses. Specifically, given an input
image Z (Figure 1(a)), we extract binary edges (Figure 1(b)) and use the configuration
of the edges to determine which edge pixels belong to an instance of atarget object, and
which edge pixelsbelong to clutter (Figure 1(d)). Formally, let L denote alist of the pixels
q = [z, y] such that an edge has been detected at Z(¢). Our goal isto use L to recover a
secondlist, O, which containsonly those edge pixelsq € L which correspond to pointson
our target object. Our only source of training data is a set of images containing the target
object in typical scenes, from which edges have been extracted and labeled “object” or
“clutter.” In other words, at training time we aregiven aset of images7 = {71, -+ Tn, }
and aset of edgelists, T' = {11, 1>, - - - T, }, Whereeach T'; is composed of two sub-lists
T;+ and T;_; T;4 consists of edge pixels ¢ extracted from image 7; which correspond
to apoint on the target object, whileeach ¢, € T);_ isan edge pixel which maps onto the
background. Given the edge list O, aignment techniques may be applied for verification
purposes or to estimate object pose[3][31]; aso, it is possible to summarize the location
of the object in the image by computing a bounding box and centroid from O. Here,
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(a) Phase 1 (b) Phase 5 (c) Phase 10 (d) Phase 15

Figure 2: Example recognition results at successive phases of the recognition cascade. The size of the aperture for each phase
isdepicted by the circle at upper |eft. Edge points classified as“ chair” are shown in white. See Section 3.2 for an overview and
Section 4 for details on experiments.

however, we focus on the problem of object-background separation in edge images, i.e.
determining which edge pixels correspond to the object and which correspond to clutter.

We present a cascade approach to recovering O. At each point on each edge, we
examine the edges in a neighborhood surrounding it, which we call the aperture of the
edge point(Figure 3(a)). How edges are arranged inside the aperture, termed the local
edge configuration of the edge point, isthe cue used to determine whether that edge pixel
belongs to the object or the background. A classifier is trained from the example views
to discriminate local edge configurations of clutter edge points from those of object edge
points. Unfortunately, if the aperture is too small, the local edge configuration may be
ambiguous; in other words, it might be impossible to tell which class the edge point
belongs to based on edge information inside the aperture. For this reason, ambiguous
edge points are passed on to a second classification phase, which considersthelocal edge
configurationin alarger aperture. If it is still unclear at this stage whether the edge point
belongs to the foreground or background, we attempt to classify it based on featuresin a
larger aperture, and so on. As an illustration, Figure 2 depicts four phases in this process
for the recognition of the chair in the lower Ieft portion of the image.

At each phase in the cascade, a discriminative classifier computes a sparse set of local-
ized edge features which measure edge density in some image neighborhood. The loca-
tions of the edge features are determined according to a tree structure which is learned at
training time. Figure 3(c) illustrates the classification of one edge point, at one phase of
the cascade.

2 Reated Work

Object recognition research in the 1980s culminated in systems which could detect
occluded, 2D, non-convex shapes from binary edge imageq16]. Interpretation treeq16],
for example, use a tree search to explore the space of all possible correspondences be-
tween features on an object model and featuresin the image. Unfortunately, as the num-
ber of model features and image features grows, the space of correspondences can grow
intractably large, especially if the image contains significant clutter or noise.

Indexing techniques such as geometric hashing[23] suffer in the presence of clutter as
well. In these approaches, each k-tuple of image features casts votes for the identities
and/or poses of objects in the image, based on their geometric arrangement. If the image
contains significant noise[17] or clutter, the votes cast by sets of clutter features will
overwhelm the votes cast by the object, making it difficult to draw any conclusions about
what objects are there.

More recently, Belongie et al[5] extend% ghe notion of 3D shape signatures[18] to
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2D shape, for the purpose of edge-based recognition. At each edge point in an image, a
histogram, or "shape context," is calculated; each bin in the histogram counts the num-
ber of edge pixels in a neighborhood near the point. Nearest-neighbor search then de-
termines correspondences between shape contexts from a test image and shape contexts
from model images. Our approach is closely related; both use the distribution of edgesin
an aperture surrounding a point as the fundamental feature for recognition. However, the
shape context uses a“dense” set of edge features for recognition; in other words, the bins
in the histogram exhaustively cover the entire aperture. Since we only compute edge fea-
tures at isolated image locations deemed likely to discriminate the edge point in question
as object or clutter, the features we use are spatialy “sparse.” While dense features may
be effective when the background is not a concern, we feel that they will represent local
edge configurations poorly for the target objects and scenes we consider. Specifically,
if the neighborhood surrounding an object edge contains a significant number of back-
ground edges— consider the cart in Figure 1(c)— then many of the shape context bins will
be filled solely with background edge points. This is largely the same reason why rect-
angular templates represent local appearance poorly on wiry objects: much of the local
object representation will actually consist of image data drawn from clutter.

Other researchers have addressed the problem of recognizing objects by finding k-
tuples of specific appearance features arranged in appropriate ways[10][2]. These tech-
niques rely on checking the configurations of every k-tuple of detected features in an
image neighborhood; as the number of features in the configuration grows, and the den-
sity of candidate features grows, there will be a combinatorial growth in the number of
scores to be given out at run time.

In[10], ajoint Gaussian model of feature locationsis assumed; similarly, other recog-
nition approaches assume that the distribution of object features in an image can be de-
scribed by a Markov random field [24][7][25] or an object-specific model such as a body
plan[14]. Our objects are distorted by arbitrary out-of-image-plane rotation; Gaussian,
Markovian, or other simplified models may not capture the variation in feature configura-
tion induced by these transformations.

3 Approach

3.1 EdgeProbes

We begin by defining the edge features our algorithm will use to describe the local edge
configuration in an image region. An edge probe at probe center p over a list of edge

pixels L is defined as
2
EP(p,L) = Zexp (—%)

tel
where t and p are 2-vectors of [z, y] image coordinates. An edge probe can be thought
of as a Gaussian receptive field with variance o2, centered at point p in an edge image
whose edge pixels are contained in the list L. Edge probes measure the density of edge
pixels in some neighborhood in the image; in this sense, each edge probe is analogous to
abin in a shape context histogram[5].

Our godl is to determine, for each query edge pixel ¢ = [z, yq] extracted from an
image, whether it belongs to an instance of our target object or whether it was produced
by the background. We will use edge probes computed at probe centers in an aperture
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