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Abstract:  We present an object class detection approach which fully itegrates the com-
plementary strengths o ered by shape matchers. Like an objet detector, it can learn class
models directly from images, and localize novel instancesiithe presence of intra-class vari-
ations, clutter, and scale changes. Like a shape matcher, inds the boundaries of objects,

rather than just their bounding-boxes. This is made possibé by a novel technique for learn-
ing a shape model of an object class giveimages of example instances. Furthermore, we
also integrate Hough-style voting with a non-rigid point matching algorithm to localize the

model in cluttered images. As demonstrated by an extensivevaluation, our method can lo-

calize object boundaries accurately, while needing no segmted examples for training (only

bounding-boxes)
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D'images au modeles de forme pour la détection d'objets

Résumé : Nous proposons une nouvelle approche pour la détection de tégyories d'objets
qui intégre les avantages des méthodes de mise en correspande de formes. D'une part,
comme les détecteurs d'objets, notre approche est capabléaghprendre les modéles de classe
directement a partir des images et de localiser de nouvellésstances malgré des variations
intra-classe, des changements d'échelle ou la présenced'iond encombré. D'autre part, tout
comme les méthodes de mise en correspondance de formes, mlefournit pas simplement
une boite englobante, mais parvient a extraire les frontiees des objets. Ceci est possible
grace a une nouvelle technique d'apprentissage capable derstruire le modeéle de forme
d'une catégorie d'objets, étant donné des images contenamtes instances de cette catégorie.
A n de localiser le modéle dans des images test, nous combins un algorithme de vote dans
un espace de Hough a un algorithme de mise en correspondanaembints pour les formes non
rigides. Les résultats expérimentaux montrent que les frotieres des objets sont localisées
avec précision sans utiliser d'images d'apprentissage segntées, les boites englobants seules
su sent.

Mots-clés :  détection d'objets, appariement de formes, caractéristiges de contours
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1 Introduction

In the last few years, the problem of learning object class mdels and localizing previously
unseen instances in novel images has received a lot of attéah. While many methods use
local image patches as basic feature5iL5,124,]134,138], retgrseveral approaches based on
contour features have been proposed ]2, 1Z, 14, 2P, 125,129,133]. In spite of thegiotential,
even these contour-based methods usually localize objectgp to a bounding-box, rather
than delineating object outlines. We believe the main reasno lies in the nature of the
proposed models, and in the diculty of learning them from real images (as opposed to
hand-segmented shape§][7, 10, 117,132]). The models are typily composed of rather sparse
collections of contour fragments with a loose layer of spaél organization on top [14,[22,
29,[33]. A few authors even go to the extreme end of using indigual edgels as modeling
units [2, 25]. In contrast, an explicit shape modelformed by continuous connected curves
completely covering the object outlines is more desirableas it would naturally support
boundary-level localization in test images.

In order to achieve this goal, in this paper we propose an apmach which bridges the gap
between shape matching and object detection. Classic nongid shape matchers[[B/155[-32]
produce point-to-point correspondences, but need segmeatl shapes as input models, and
need to be initialized near the object in the test image. In catrast, we build a shape
matcher with the input/output behavior of a modern object de tector: it learns complete
shape modelsfrom images and automatically matches them to cluttered images, therdoy
localizing novel class instances up to their boundaries.

Our approach makes three contributions. First, we introduce a technique for learning the
prototypical shape of an object class as well as a statistidanodel of intra-class deformations,
given image windows containing training instances (gurel®; no segmented shapes are
needed). The challenge is to determine which contour point®elong to the class boundaries
while discarding background and details speci c to individual instances (e.g. mug labels).
Note how these typically form the majority of points, yieldi ng a poor signal-to-noise ratio.
The task is further complicated by intra-class variability : the shape of the object boundary
varies across instances.

Second, we localize the boundaries of novel class instandegest images by integrating a
Hough-style voting schemel[24-29,"33] with a non-rigid shag matcher [5]. This combination
makes accurate, pointwise shape matching possible even ierely cluttered images, where
the object boundaries cover only a small fraction of the conbur points ( gures [ [3).

Third, we constrain the shape matcher[[5] to only search ovetransformations compatible
with the learned, class-specic deformation model. This esures output shapes similar to
class members, improves accuracy, and helps avoiding localinima.

These contributions result in a powerful system, capable ofietecting novel class instances
and localizing their boundaries in cluttered images, whiletraining from objects annotated
only with bounding-boxes.

After reviewing related work and the local contour featuresused in the next two sections,
we present our shape learning method in sectiofl4, and the seme for localizing objects
in new test images in sectiorlb. Sectioll6 reports extensivexperiments. We evaluate the
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4 Ferrari et al.

Figure 1: Example object detections returned by our approach (see als gure 3.

quality of the learned models and quantify localization peformance at test time in terms of
accuracy of the detected object boundaries. We also compate previous works for object
localization with training on real images [14] and hand-dravings [12]. A preliminary version
of this work was published at CVPR 2007 [13].

2 Related works

A major challenge in computer vision is category-level objet recognition, the ability of
recognizing object instances di erent from those used to mdel a category. As pointed out
by Hummel [21], shape descriptors are particularly suited ér achieving generalization: many
categories are characterized by their shape rather than byaor or texture. For this reason,
many authors have used shape representationsI[Ll B, [ 115}, 18, 20,25 [3P].

In this section we brie y review some of the most important previous works relevant
to this paper, i.e. on shape representation and matching, ad their role in the modeling,
recognition, and localization of object categories.

Structural descriptors Structural descriptors are one of the earliest representaons of
object shape. Objects are decomposed into rather complex lumetric parts, such asgen-
eralized cylinders[Z24] or geons[d], and represented by their spatial relations. However,tiis
very di cult to generate structural descriptions from imag es. The resulting descriptions are
highly sensitive to the way in which the image is segmented ito parts, and the same image
may give rise to very di erent descriptions [36]. As a consegence, recent and successful
shape based approaches describe objects kjmpler, robust and stable features connected
in a deformable con guration. These features are generic,h as edge points and lines,
and easy to extract, but several of them must be grouped to degibe (part of) a given
object. A central issue is how simple individual features sbuld be and how to group them.
If too simple, they will not be informative enough, and raisethe complexity of the matching
process. If too complex (likegeong, they will not be detectable reliably.

Contour features A common framework is to use edge pointsddgel$ grouped into sil-

houettes. As a silhouette has no internal information nor hdes, it can be represented by a
single closed curve, and described by simple global desctars like circularity, eccentricity,
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major axis orientation, or bending energy. However, these @an only discriminate between
very di erent shapes, so more complex descriptors have beegroposed, such as the curvature
scale space[[48], Fourier descriptor§139], and the mediakis transform [35].

As noticed by Belongie et al. [3], silhouettes are fundamentally limited because they
ignore internal contours and are di cult to extract. This ex plains why more recent works
represent shapes as loose collections of 2D poinis [7] 18]2id features in general, e.gT10,14].
However, more informative structures than individual edgds are preferable, as they simplify
matching. Belongie et al. [3] propose the Shape Context which captures for each point
the spatial distribution of all other points relative to it o n the shape. Shape Context is
a good semi-local representation and supports recognitiotoy allowing to establish point-
to-point correspondences between shapes even under defations. Leordeanu et al. [Z5]
propose another way to go beyond individual edgels, by encang relations between all pairs
of edgels. Similarly, Elidanet al. [I0] use pairwise spatial relations between landmark poirs.
Ferrari et al. [14] present a family of scale-invariant local shape featwes formed by short
chains of connected contour segments, capable of cleanly @ding pure fragments of an
object boundary. They o er an attractive compromise between information content and
repeatability, and encompass a wide variety of local shapetsictures.

Modeling shape categories Edgels and other generic features can be directly used to
model any object. An alternative is to learn features adaptel to a particular object category.
For instance, Shotton et al. [33] and Opelt et al. [Z9] automatically learn class-specic
boundary fragments, i.e. local edgel groups. Moreover, thragments are arranged in a star
con guration, which is learned as well. In addition to their own local shape, such fragments
store a pointer to the object center, enabling object localzation in novel images using voting.
Other methods [9,[14] achieve the same functionality by enading spatial organization by
tiling object windows, and learning which features and tilecombinations discriminate objects
from background.

The overall shape model of the above approaches is either (@) global geometric organi-
zation of edge fragments[[BI_14_29,~33]; or (b) an ensemble phirwise constraints between
point features [10,[Z25]. Global geometric shape models argopealing because of their ability
to handle deformations, which can be represented in severatays. The authors of [3] use
regularized Thin Plate Splines, found to be e ective for modeling changes in biological forms.
This generic deformation model can quantify dissimilarity between any two shapes, but does
not allow to model shape variations within a speci ¢ class. h contrast, Pentland et al. [30]
learn modes of intra-class deformation of an elastic mateal using a set of training shapes.
The most famous work in this spirit is Active Shape Models[7], where the shape model in
novel images is constrained to vary only in ways seen in a seff éraining shapes. The main
deformation modes, accounting for most of the total variablity over the training set, are
learnt using PCA. More generally, non-linear statistics can be used to gain robustness to
noise and outliers [B].

A shortcoming of the above methods is the need for clean traimg shapes. This manual
image segmentation quickly becomes intractable when hundrds of categories are considered.
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6 Ferrari et al.

Several researchers have tried to develogemi-supervisedalgorithms not requiring segmented

training examples. The key idea is to nd combinations of object features repeatedly oc-
curring over the example images. Berget al. [Z] suggest to build the model by using pairs
of images containing an object instance, by retaining partsmatching across several image
pairs. A similar strategy is used by [25], which initializesthe model using all line segments
from a single image and then use many other images to iteratisly remove spurious features
and add new good features. LOCUS[37] is another model whichaa be learned in an semi-
supervised way, but needs the objects to be aligned in the triaing images and to occupy

most of their surface.

One important limitation common to these approaches is the ack of modeling of intra-
class shape deformations, assuming the same shape model xplaining all training images.
Moreover, as pointed out by [6,[38], LOCUS is not suited for I@alizing objects in extensively
cluttered test images. Finally, the models learned by[[25] ee sparse collections of features,
rather than explicit shapes formed by continuous connectecturves. As a consequence, [25]
cannot localize objects up to their (complete) boundariesm test images.

Shape matching  Object recognition using shape can be casted as a matching pblem:
nd correspondences between model features and image feats (e.g. edgels, groups of
segments, shape contexts). This often costly combinatorigproblem can be made tractable
by accepting sub-optimal matching solutions.

When the shape is not deformable or we are not interested in i@vering the deforma-
tion but only in localizing the object up to translation and s cale, simple strategies can
be applied, such as Geometric Hashing123], Hough Transforri?9], or exhaustive search
(typically combined with Chamfer Matching [L8] or classi ers [14,[33]). In case of complex
deformations, the parameter space becomes too large for the simple strategies. Gold and
Rangarajan [20] propose an iterative method to simultaneosly nd correspondences and
the model deformation. The sum of distances between model pats and image points is
minimized by alternating a step where the correspondencesra estimated while keeping the
transformation xed, and a step where the transformation is computed while xing the cor-
respondences. Chui and Rangarajari]5] put this idea in a deteninistic annealing framework
and adopts Thin Plate Splines as deformation model (TPS). Tte great advantage of the de-
terministic annealing formulation is that it elegantly sup ports a coarse-to- ne search in the
TPS transformation space, while maintaining a continuous ®ft-correspondence matrix. A
related framework is adopted by Belongieet al. [3], where matching is supported by shape
contexts. Depending on the model structure, optimization £heme can be based on Integer
Quadratic Programming [Z], spectral matching [Z5] or graphcuts [31].

Our approach in context In this paper, we present an approach for learning and match-
ing shapes which has several attractive properties, bridgig the shortcomings of previous
works. First of all, we build explicit shape models based on entinuous connected curves,
which represent the prototype shapes of categories. The tiaing objects need only be anno-
tated by a bounding-box, i.e. no precise segmentation is nessary. Our learning approach
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Figure 2: Local contour features. 5‘) three example PAS. b) the 12 most frequent PAS types from
24 mug images.

avoids the pairwise image matching used in previous appro&es, and is therefore compu-
tationally cheaper and more robust to clutter edgels due to he “global view' it has by
considering all training images at once. Moreover, we modehtra-class deformations and
enforce them at test time, when matching the model to novel inages. Finally, we introduce
a two-stage technique that allows the deformable matching bthese explicit shape mod-
els to extensively cluttered test images, and therefore to ecurately localize the complete
boundaries of previously unseen object instances.

3 Local contour features

In order to learn and detect shapes incluttered images of real-world scenes, some kind of
local contour features are necessary. Before explaining éhcontributions of this paper, we
brie y introduce here the features we employ.

PAS features.  We build on the scale-invariant local contour features recatly proposed
by [I4]. Edgels are found by the excellent Berkeley edge dettor [26], and then grouped into
pairs of connected, approximately straight segments ( gue[@a). Informally, two segments
are connected if they are adjacent on the same edgel-chainr & one is at end of an edgel-
chain directed towards the other segment. Each pair of segnmés forms one feature, called
a PAS, for Pair of Adjacent Segments

A PAS feature has a location (mean over the two segment centers), acale (distance
between the segment centers), a strength (average edge deter con dence over the edgels
with values in [0;1]), and a descriptor invariant to translation and scale changes. The
descriptor encodes the shape of the PAS, by the segments' eritations 1; , and lengths
I1;12, and the relative location vector r, going from the center of the rst segment to the
center of the second (a stable way to derive the order of the ggnents in a PAS is given
in [I4]). Both lengths and relative location are normalizedby the scale of the PAS.

PAS features are particularly suited to our needs. First, they are robustly detected
because they connect segments even across gaps between edgains. Second, as both PAS
and their descriptors cover solely the two segments, they aacover pure portion of an object
boundary, without including clutter edges which often lie in the vicinity (as opposed to
patch descriptors). Hence, PAS descriptors respect the natre of boundary fragments, to be
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Figure 3: Learning the shape model. a) 4 out of 24 training examples. b)Model parts. ¢) Occur-
rences selected to form the initial shape. d) Re ned shape. ¢ First two modes of variation (mean
shape in the middle).

one-dimensional elements embedded in a 2D image, as oppodedocal appearance features,
whose extent is a 2D patch. Fourth, PAS have intermediate corplexity. As demonstrated
in [L4], they are complex enough to be informative, yet simpd enough to be detectable
repeatably across di erent images and object instances. Fially, since a correspondence
between two PAS induces a translation and scale change, thegan be readily used within a
Hough-style voting scheme for object detection[[2429,"33]

PAS dissimilarity measure. The dissimilarity D(P?2;PP) between two PASP?; PP de-
ned in [14] is
X2 X2
D(P*P") = wkr* r’k+w D P+  log I?=P @
i=1 i=1

where the rst term is the di erence in the relative location s of the segmentsD 2 [0; = 2]
measures the di erence between segment orientations, andhe last term accounts for the
di erence in lengths. In all our experiments, the weightsw, ;w are xed to the same values
used in [14] v, =4, w =2).

PAS codebook. We construct a codebook by clustering the PAS inside all traning
bounding-boxes according to their descriptors. For each cister, we retain the centermost
PAS, minimizing the sum of dissimilarities to all the others. The codebookC= fT;g is the
collection of these centermost PAS, thePAS typesf Tig ( gure Zb). A codebook is useful for
e cient matching, since all features similar to a type are considered in correspondence.

Note that the codebook is class-speci c and built from the sane images used later to
learn the shape model. In our experiments we obtained betteshape models when starting
from this codebook, rather than from a universal codebook (a opposed to[[TH]).

4 Learning the shape model
In this section we present the new technique for learning a pitotype shape for an object

class and its principal intra-class deformation modes, gign image windows with example
instances ( gure3a). To achieve this, we propose a procedearfor discovering which contour

INRIA
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Figure 4: Finding model parts. On the left, we show a few training instances with two recurring

PAS. On the right, we show four slices of the accumulator spae for the upper-L shape PAS type
(each slice corresponds to a di erent size). The two recurri ng PAS form peaks at di erent locations

and sizes. Our method allows for di erent model parts with th e same PAS type.

points belong to the commonclass boundaries and for putting them in full point-to-point

correspondence across the training examples. For exampleye want the shape model to
include the outline of a mug, which is characteristic for the class, and not the mug labels,
which vary from example to example. The technique is composkof four stages ( gure[3b-e):

1. Determine model parts as PAS frequently reoccurring withsimilar locations, scales,
and shapes (subsectiofirdl1).

2. Assemble an initial shape by selecting a particular featte for each model part from
the training examples (subsectior ZP).

3. lteratively match the shape back onto the training imagesand re ne it using the
resulting point-to-point correspondences (subsectiof ).

4. Learn a statistical model of intra-class deformations fom the di erent shape variations
produced by stage 3 (subsectioii 4]4).

4.1 Finding model parts

The rst stage towards learning the model shape is to determine which PAS lie on boundaries
common across the object class, as opposed to those on the kgoound clutter and those on
details speci c to individual training instances. The key insight is that a PAS belonging to

the class boundaries will recur consistently across sevdréraining instances with a similar

location, size, and shape. Although they are numerous, PAS ot belonging to the class
boundaries are not correlated across di erent examples. Irthe following we refer to any
PAS or edgel not lying on the class boundaries aslutter.

Bounding-box alignment. The rst step of the algorithm is to align the training exam-
ples by transforming each bounding-box into a zero-centerd rectangle with unit height and
width equal to the geometric mean of the training aspect-ratos (i.e. width over height).
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10 Ferrari et al.

In addition to removing translation and scale di erences, this e ectively cancels out shape
variations due to di erent aspect-ratios (e.g tall Starbucks mugs versus co ee cups). This
facilitates the learning task, because PAS on the class boutaries are now better aligned.

Voting for parts. The core of the algorithm consists of a voting process. We matain
a separate voting space for each PAS type, in which PAS from &ltraining instances are
accumulated. From its limited, local perspective, each PASvotes for the existence of a part
of the class boundary with shape, location, and size like itown ( gure f.

More precisely, each PASP votes as follows. First, it is soft-assigned to all PAS types
T; within a dissimilarity t (equation (@)). Each voting space corresponds to a di erent
PAS type, and has three dimensions: two for location and onedr size. For each type
the PAS is assigned to, it casts a vote for its own location andsize in the corresponding
accumulator space. Votes are weighted proportionally to tle edge strengthe of P, and in
inverse proportion to the shape dissimilarity to the type D(P; T;). The soft-assign to types
makes the voting process less sensitive to the exact shapetbe PAS and the exact codebook
types. Weighting by edge strength allows to take into accounthe relevanceof the PAS. It
leads to better results over treating edgels as binary feattes (as also noticed by[I9[12]).

Parts as local maxima. After all PAS have casted their votes, we search for local maxna
in location and scale in the accumulator spaces. Each maxinm yields a model part M,
which has a speci ¢ location and size relative to the canonial bounding-box, and a specic
shape (the codebook type corresponding to the accumulatorpace where the maximum was
found). Moreover, the value of the local maximum provides a neasure of thecon dence that
the part really belongs to the class boundaries.

Advantages.  The success of this procedure is due in part to adopting PAS abasic shape
elements. A simpler alternative would be to use individual elgels. In that case, there would
be just one voting space, with two location dimensions and oae orientation dimension. In
contrast, PAS bring two additional degrees of separationthe shape of the PAS, expressed as
the assignments to codebook types, and its size (relative tthe bounding-box). Individual
edgels have no size, and the shape of a PAS is more distinctithan the orientation of an
edgel. As a consequence, it is very unlikely that a signi cab number of clutter PAS will
accidentally have similar locations, scales and shapes ahé same time. Hence, recurring
PAS stemming from the desired class boundaries tend to form @aks in the accumulator
spaces, whereas background clutter and details of individal training instances don't.
Intra-class shape variability is addressed partly by the sdt-assign of PAS to types, and
partly by applying a substantial spatial smoothing to the accumulator spaces before detect-
ing local maxima. This e ectively creates wide basins of atraction for PAS from di erent
training examples to accumulate evidence for the same partWe can a ord this exibility
while keeping a low risk of accumulating clutter because oftie high separability discussed
above, especially due to separate accumulator spaces for elient codebook types. This
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From images to shape models for object detection 11

yields the discriminativity necessary to overcome the poorsignal-to-noise ratio, while allow-
ing the exibility necessary to accommodate for intra-class shape variations.

The proposed algorithm sees all training dataat once, and therefore reliably selects parts
and robustly estimates their locations/scales/shapes. Inour experiments this was more
stable and more robust to clutter than matching pairs of training instances and combining
their output a posteriori. As another important advantage, the algorithm has complexity
linear in the number of training instances, so it can learn from large training sets e ciently.

4.2 Assembling the initial model shape

The collection of parts learned in the previous section capires class boundaries well, and
conveys a sense of the shape of the object class (gufg 3b). Ehouter boundary of the
mug and the handle hole are included, whereas the label and lslaground clutter are largely
excluded. Based on this “collection of parts’ model (COP) oe could already attempt to
detect objects in a test image, by matching parts based on thie descriptor and enforcing
their spatial relationship. This could be achieved in a way émilar to what earlier approaches
do based on appearance feature$_[16,124], and also done reabemwith contour features
by [29, [33].

However, the COP model is not a shape. It is a loose collectionf fragments not con-
nected into a whole shape made of smooth, continuous lines. His can be seen in the multiple
stokes along what should be a single line, such as on the top tfie mug in gure 8b. More-
over, adjacent parts don't t together in terms of their rela tive location and size. The COP
model is missing a notion of shape on the global scale. Indigtual parts are learnt indepen-
dently, each focusing on its own local scale. Going all the way to a jper whole shape is
desirable, because it can be used to perform object detectiousing e ective shape-matching
techniques. This brings the advantage which motivates thispaper: localize objects up to
their boundaries, rather than up to a bounding box. In this subsection and the next we
describe a procedure for constructing such a shape.

Shape variants. A model part occurs several times on di erent training images ( gure Bh-
b). These occurrences o er roughly similar, yet di erent alternatives for the part's location,
size, and shape. Hence, we can assemble several variants floe overall shape by selecting
di erent occurrences for each part. The idea is to select an ocurrence for each part so
as to form larger aggregates otonnectedoccurrences ( gurel3c). This can be achieved by
assembling occurrences coming from only a few images, sinoecurrences from the same
image t together naturally.

In this section we cast the problem of assembling a model shapas a combinatorial
optimization problem. We introduce the concept of connectelness between model parts
and between occurrences, and then select one occurrence feach part so as to obtain a
well connected shape. In the following we start with a few denitions necessary to set up
the optimization problem, then give the objective function, and present a simple way to
maximize it.
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12 Ferrari et al.

Figure 5: Occurrences and connectedness. a) A model part (above) and wo of its occurrences
(below). b) All occurrences of all model parts on a few traini ng images, colored by their con dence
(increasing from blue to cyan to green to yellow to red). ¢) Tw o model parts with high connectedness
(above) and two of their occurrences, which share a common sgment (below).

Occurrences. A PAS P from a speci c training image is an occurrence of a model pariv
if they have similar shape, location, and scale ( gure[ba). The following function quanti es
this similarity, and expresses thecon dence that P is an occurrence oM (denotedM ! P):

_ ) . M scale . Pscale 2 12 kM ioc  Piog k2
COnf(M ! P) = Pstr D(M, P ) mn —, ——- e loc (2)
I:)scale Mscale
Essentially, the occurrences oM are the PAS that voted for it in section Bl The con -
dence [2) takes into accountP's relevance (edge strength, rst factor), as well as how farP
is from the peak in the voting space (second to last factors).Function (E) ranges in [0; 1],

and we considerP an occurrence ofM if conf(M ! P) >thresh .

Connectedness.  Recall from section[Z] that a model partM has a specic PAS type
and a location and size within the canonical bounding-box. Hnce,M has two contour
segmentsM1;M,. An important observation is that two occurrences of di erent model
parts might have a segment in common ( gure[®c). This provides valuable evidence that
the two parts explain connected pieces of the true class bowharies and hence should be
connected in the model shape. Since every model part occurs several training images,
we can robustly estimate how likely they are to be connectedpy counting how frequently
their occurrences share segments. More formally, let the edvalence between two segments
M;i;N; from di erent model parts M;N be
X
eqMi;N;) = conf(M;j I s)+conf(Nj ! s) 3)
fsiMi! sNj! sg

with i;j 2 f 1;2g and s a segment on which bothM;;N; occur (gure BE). Two model
segments have high equivalence if they frequently occur onhe same training segments.
Based on this, we de ne the connectedness between two modebps M; N as

conn(M; N ) = max(eq( M1;N1) +eq(Mz;Nz2);eqM1;N2) +eq(Mz; N1)) 4)
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which is the combined equivalence of their segments (for thbest of the two possible segment
matchings). Two parts have high connectednesd{4) if their ocurrences frequently share a
segment. Two parts can even sharéoth their segments. In this case, their connectedness is
even higher, suggesting they explain the same portion of thelass boundaries. Equivalent
model segments cause the multiple strokes in the COP model gure [@b). Equation @)
estimates part connectedness robustly because it integras evidence over all training images.

Objective function. The occurrence selection task can now be formulated precise nd

the assignmentA(M) = P of occurrences to parts that maximizes the following objedve

function:
X X

COI’]f (M l A (M )) + conn COI’]n(M, N ) 1img (A(M ), A(N )) img Nimg (5)

M M;N

where the indicator function 1iny takes value 1 if two occurrences come from the same
image, andO0 otherwise. Nimg is the number of images contributing occurrences toA, and
img ; conn are prede ned weights. Exactly one occurrence is assignedteach part.

The rst term of the objective function prefers high con den ce occurrences. The second
favors assigning parts with high connectedness to occurrees from the same image. This
pushes towards assigning connected occurrences to connegtparts, because occurrences of
parts with high connectedness are likely to be connected thaselves if they lie in the same
image (by construction of function ). The last term discourages scattering occurrences
across many images, as occurrences from the same image t tethher naturally. This holds
even for occurrences which are not directly connected, butié on di erent portions of the
shape. Hence, the last term encourages assignments conaating on a few training images.

Overall, function (B) encourages the formation of aggregags of good con denceand prop-
erly connected occurrences. In addition, the second and thil terms push equivalent model
segments to be assigned to the same actual image segmentsnbe suppressing multiple
strokes.

Optimization. It is computationally expensive to optimize the objective function (B)
exactly, as the space of all possible assignments is huge. jpmactice, the following approxi-
mation algorithm brings satisfactory results. We start by assigning the part with the single
most con dent occurrence. Next, we iteratively consider the part most connected to those
assigned so far, and assign it to the occurrence which maximés [®). The algorithm iterates
until all parts have been assigned to an occurrence

Figure3c shows the selected occurrences for our running exele. The shape is composed
of three blocks, each from a di erent training image. Within each block, segments t well
together and form continuous lines. Nevertheless, there ar discontinuities between blocks,
and some redundant strokes remains (lower half of the hand)e
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average shape

backmatching backmatching

c) First iteration d) Second iteration

Figure 6: Model shape re nement. a) sampled points from the initial mo del shape. b) after initial-
izing backmatching by aligning the model with the image bouding-box (left), it deforms it so as to
match the image edgels (right). c) the rst iteration of shap e re nement. d) the second iteration.

4.3 Model shape re nement

In this subsection we re ne the initial model shape construded above. This is achieved by
treating it as a deformable point set and applying a non-rigd point matching algorithm to
match it backonto the training images. For each image, waleform the model by establishing
point correspondences with the edgels within the object's bunding-box (gure Eb). An
improved model shape is obtained by averaging these backmetied shapes. The updated
shape is then matched back on the training images, and the preess iterates. This results
in a succession of better models and better matches to the tining data, as the point
correspondence cover more of the true class boundaries ofeltraining objects ( gure Bt+d).

The proposed technique can be seen as searching for the modblape that best explains
the training data, under the rather general assumption that smooth deformations account
for the di erence between the model shape and the class bouradies of the training objects.

Before explaining the algorithm in detail, notice that we work now at the level of individ-
ual image edgels, no longer with PAS features as in the previes stages. As a preprocessing
step, we sample the initial model shape, thus obtaining a pait set (gure ). The main
algorithm iterates over the following three steps:

INRIA
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1. Backmatching. The current model shape is matched back to each training imag
in turn. We use an extension of the excellent non-rigid robus point matcher by Chui and
Rangarajan [8]. Following their naming, we refer to the algaithm by TPS-RPM (Thin-Plate
Spline Robust Point Matchey).

TPS-RPM estimates a Thin-Plate Spline transformation between the model points and
the image edgels while at the same time rejecting edgels notcresponding to any model
point. This is an important ability, as only some of the image edgels lie on the object
boundaries.

As with any shape matching technique, in order to work with noisy point sets TPS-RPM
needs to start from a reasonable initial transformation. Weinitialize it by transforming the
model shape so that its bounding-box aligns with the training bounding-box ( gure EBb).
This strong initialization makes TPS-RPM very likely to suc ceed. Subsectiofib]2 presents
this technique in more detail, as it will be used again for loalizing object boundaries in test
images.

2. Average shape. An important bene t of backmatching is that it generates shapes
in full point-to-point correspondence because they are all smooth deformations of the same
initial shape (gure &F). These correspondences allow us tonanipulate the shapes as a set,
and to analyze the variations in the point locations. We apply Cootes' variant of Procustes
analysis [1] to align them with respect to translation, scak, and orientation. The remaining
di erences are due to true (non-rigid) shape variations, wlich we will learn in the next
subsection.

The model shape is now updated by setting it to the average oftie aligned shapes (i.e.
average coordinates of corresponding points; gur€léc). Th combined e ects of backmatch-
ing and computing the average shape are very bene cial (gue[dc). Segments of the model
shape are moved, bent, and stretched so as to form smooth, coacted lines, thus recovering
the shape of the class well on globalscale (e.g. topmost and leftmost segments in gur&léc).
The reason for these improvements is that backmatching defans the initial shape onto the
class boundaries of the training images, thus delivering aet of natural, well formed shapes.
The averaging step then integrates them all into a genericéoking shape, and smoothes out
occasional inaccuracies of the individual backmatches.

3. Remove redundant points. As another e ect, the previous steps tend to crush multi-
ple strokes (and other clutter points) onto the same points dong the correct class boundaries.
This results in redundant points, roughly coincident with other segments (gure @c). We
remove them by deleting a point if it lies very close to anothe point from a part with higher
con dence (see subsectioiz4l1 for de nition of the con dene of a part). If a signi cant
proportion of points (> 10% are removed, the procedure iterates to point 1 ( gure[&d).
Otherwise, it is completed.

Impact.  As shown in gure Bd, the running example improves further during the second
(and nal) iteration. For example, the handle arcs becomes nore continuous. The nal shape
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Figure 7: Evolution of shape models over the three stages of learning. Top row: model parts
(section BEI). Second row: initial shape (section E-Z). Bot tom row: re ned shape (section F3).

is overall smooth and well connected, includes no backgrouhclutter and very little interior
clutter, and, as desired, represents an average class menmfa prototype shapg. Notice how
both large scale (the external frame)and ne scale structures (the double handle arc) are
correctly recovered. The backmatched shapes also improve the second iteration, because
shape matching is easier given a better model. In turn, the bieer backmatches yield a better
average shape (i.e. a better model). The mutual help betweebackmatching and updating
the model is key for the success of the procedure.

In gure T] we show examples of other models evolving over théhree stages (sectionE4Z11
to E3). Notice the large positive impact of model shape re rement. Furthermore, to
demonstrate that the proposed techniques consistently prduce good quality models, we
show many of them in the result section ( gure[11).

Discussion.  Our idea for shape re nement is related to a general design pnciple which
recently emerged in di erent areas of vision. It involves gang back to the imageafter building
some intermediate representation from initial low-level fatures, to re ne and extend it.
This di ers from the conventional way of building layers of i ncreasing abstraction, involving
representations of higher and higher level, progressivelgeparting from the original image
data. The traditional strategy su ers from two problems: errors accumulate from a layer
to the next, and relevant information missed by the low-leve features is never recovered.
Going back to the image enables to correct both problems, anit has good chances to succeed
since a rough model has already been built. Several di erentalgorithms are instances of
this strategy and have led to excellent results in various aeas: human pose estimation[31],
appearance-based top-down segmentation [24], and recogjon of speci ¢ objects |[11].
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4.4 Learning shape deformations

The previous subsection matches the model shape to each trdhg image, and thus provides
examples of the variations within the object class we want tolearn. Since these examples
are in full point-to-point correspondence, we can learn a cmpact model of the intra-class
variations using the statistical shape analysis techniqueby Cootes [1].

The idea is to consider each example shape as a point in 2p-D space (with p the
number of points on each shape), and model their distribution with Principal Component
Analysis (PCA). The eigenvectors returned by PCA representmodes of variation, and the
associated eigenvalues; their importance (how much the example shapes deform along
them, gure Bk). By keeping only the n largest eigenvectorsE;., representing 95% of
the total variance, we can approximate the region in which the training examples live by
X + E1.nb, where x is the mean shape,b is a vector reBresenting shapes in the subspace
spanned byE.,, and b's i™ component is bound by 3~ ;. This de nes the valid region
of the shape space, containing shapes similar to the examplenes. Typically, n < 15
eigenvectors are su cient (compared to2p*' 200).

FigureBe shows the rst two deformation modes for our runnirg example. The rst mode
spans the spectrum between little co ee cups and tall Starbweks-style mugs, while the handle
can vary from pointed down to pointed up within the second moce. In subsection[&2B, we
exploit this deformation model to constrain the matching of the model to novel test images.
Notice that previous works on these deformation models reqjve at least the example shapes
as input [I7], and many also need the point-to-point correspndencesl(li7]. In contrast, we
automatically learn shapes, correspondences, and deforrtians given just images

5 Object detection

In this section we describe how to localize the boundaries gfreviously unseen object in-
stances in a test image. To this end, we match the shape modet&rnt in the previous section
to the test image edges. This task is very challenging, becae 1) the image can be exten-
sively cluttered, with the object covering only a small proportion of its edges ( gure Ba-b);
and 2) to handle intra-class variability, the shape model muwst be deformedinto the shape of
the particular instance shown in the test image.

We decompose the problem into two stages. We rst obtain roudp estimates for location
and scale of the object based on a Hough-style voting schemsubsection[51). This greatly
simpli es the subsequent shape matching, as it approximatéy lifts three degrees of free-
dom (translation and scale). The estimates are then used toniitialize the non-rigid shape
matcher [H] (subsectiol®P). This combination enables sh@e matching in cluttered images,
and hence localization of object boundaries. Furthermorejn subsection[2B, we constrain
the matcher to explore only the region of shape space spannday the training examples,
thereby ensuring that output shapes are similar to class merners.
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c d €

Figure 8: a) A challenging test image and its edgemap b). The object coers only about 6% of
the image surface, and only about 1 edgel in 17 belongs to itsdundaries. c) Initialization with
a local maximum in Hough space. d) Output shape with unconstained TPS-RPM. It recovers the
object boundaries well, but on the bottom-right corner, whee it is attracted by the strong-gradient
edgels caused by the shading inside the mug. e) Output of thehape-constrained TPS-RPM. The
bottom-right corner is now properly recovered.

5.1 Initialization by Hough voting

In subsection[Z1 we have represented the shape of a class aset of PAS parts, each
with a specic shape, location, size, and con dence. Here wenatch these parts to PAS
from the test image, based on their shape descriptors. More rpcisely, a model part is
deemed matched to an image PAS if their dissimilarity [1) is kelow a thresholdt (this is
the same as used in sectioi4.1). Since a pair of matched PASduaces a translation and
scale transformation, each match votes for the presence ohaobject instance at a particular
location (object center) and scale (in the same spirit as[[2429,[33]). Votes are weighed by
the shape similarity between the model part and test PAS, theedge strength of the PAS,
and the con dence of the part. Local maxima in the voting space de ne rough estimates of
the location and scale of candidate object instances ( gurdBc).

The above voting procedure deliversl0to 40 local maxima in a typical cluttered image,
as the local features are not very distinctive on their own. The important point is that a
few tens isfar less than the number of possible location and scales the object edd take
in the image, which is in the order of the thousands. Thus, Hogh voting acts as a focus
of attention mechanism, drastically reducing the problem omplexity. We can now a ord
to run a full-featured shape matching algorithm, starting from each of the initializations.
Note that running shape matching directly, without initial ization, is likely to fail on very
cluttered images, where only a small minority of edgels are mthe boundaries of the target
object.
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5.2 Shape Matching by TPS-RPM

For each initial location | and scales found by Hough voting, we obtain a point set V
by centering the model shape onl and rescaling it to s, and a set X which contains all
image edge points within a larger rectangle of scald:8s (gure 8). This larger rectangle
is designed to contain the whole object, even whes is under-estimated. Any point outside
this rectangle is ignored by the shape matcher.

Given the initialization, we want to put V in correspondence with the subset oK lying
on the object boundary. We estimate the associated non-rigl transformation, and reject
image points not corresponding to any model point with the Thin-Plate Spline Robust
Point Matching algorithm (TPS-RPM [4]}. In this subsection we give a brief summary of
TPS-RPM, and we refer to [5] for details.

TPS-RPM matches the two point setsV = fv,0a=1..k and X = fxjgiz1 .y by applying
a non-rigid TPS mapping fd;wg to V (d is the ane component, and w the non-rigid
warp). It estimates both the correspondence matrixM = fm,g betweenV and X, and
the mapping f d; wg that minimize an objective function including 1) the distan ce between
points of X and their corresponding points ofV after mapping them by the TPS, and 2)
the regularization terms for the a ne and warp components of the TPS. In addition to the
inner K N part, M has an extra row and an extra column which allow to reject poirts as
unmatched.

Since neither the correspondenc® nor the TPS mapping f d; wg are known beforehand,
TPS-RPM iteratively alternates between updating M, while keepingfd; wg xed, and up-
dating the mapping with M xed. M is a continuous-valued soft-assign matrix, allowing
the algorithm to evolve through a continuous correspondene space, rather than jumping
around in the space of binary matrices (hard correspondenge It is updated by setting my;
as a function of the distance betweerx; and v,, after mapping by the TPS (details below).
The update of the mapping ts a TPS betweenV and the current estimate Y = fy,0a=1
of the corresponding points. Each pointy, in y is a linear combination of all image points
fXigiz1 -y Weighted by the soft-assign valuesM (a;i):

X
Ya = Mai X; (6)
i=1
The TPS tting maximizes the proximity between the points Y and the model points V
after TPS mapping, under the in uence of the regularization terms, which penalize local
warpings w and deviations ofd from the identity. Fitting the TPSto V $ Y rather than to
V $ X, allows to harvest the bene ts of mantaining a full soft-correspondence matrixM .

The optimization procedure of TPS-RPM is embedded in a deteministic annealing
framework by introducting a temperature parameter T, which decreases at each iteration.
The entries of M are updated by the following equation:

(i f(va;d;w)T(xi  f(va;d;w))
2T

@)

m'_lex
a = 7 p

wheref (va;d; w) is the mapping of point v, by the TPS fd;wg. The entries of M are then
iteratively normalized to ensure the rows and columns sum tdl [5]. SinceT is the bandwidth
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of the Gaussian kernel in equation [¥), as it decreasel! becomes less fuzzy, progressively
approaching a hard correspondence matrix. At the same timethe regularization terms of
the TPS is given less weight. Hence, the TPS is rigid in the beigning, and gets more
and more deformable as the iterations continue. These two pbnomena enable TPS-RPM
to nd a good solution even when given a rather poor initialization. At rst, when the
correspondence uncertainty is high, eachy, essentially averages over a wide area of
around the TPS-mapped point and the TPS is constrained to nearigid transformations.
This can be seen as a larg& in equation ([[) generates similar-valuedmg; , which are then
averaged by equation [B). As the iterations continue and thetemperature decreasesM
looks less and less far, and pays increasing attention to thei erences between matching
options from X . Since the uncertainty diminishes, it is safe to let the TPS boser, freer to t
the details of X more accurately. Figure[® illustrates TPS-RPM on our running example.

We have extended TPS-RPM by adding two terms to the objectivefunction: the orienta-
tion di erence between corresponding points (minimize), and the edge strength of matched
image points (maximize). In our experiments, these extra tems made TPS-RPM more ac-
curate and stable, i.e. it succeeds even when initialized féther away from the best location
and scale.

5.3 Constrained shape matching

TPS-RPM treats all shapes according to the samegeneric TPS deformation model, simply
preferring smoother transformations (in particular, low 2D curvature w, and low a ne skew
d). Two shapes with the same deformation energy are considetleequivalent. This might
result in output shapes unlike any of the training examples. In this section, we extend TPS-
RPM with the class-speci ¢ deformation model learned in subsectionZl4. We constrainhe
optimization to explore only the valid region of the shape sg@ce, containing shapes plausible
for the class (de ned by x;E1.n; i from subsection[Z#).

At each iteration of TPS-RPM we project the current shape esimate Y (equation (@))
inside the valid region, just before tting the TPS. This amo unts to:

1) align Y on x w.r.t. to translation/rotation/scale
2) project Y on the subspace spanned b¥;., :
b=E ' (Y x); b(n+l):2p:0 p
3) bound the rst n components ofbby 3
4) transform b back into the original space:Y® = x+ E b
5) apply to Y ¢ the inverse of the transformation used in 1)

The assignmentY Y ¢ imposeshard constraints on the shape space. While this
guarantees output shapes similar to class members, it mighsometimes betoo restrictive.
To match a novel instance accurately, it could be necessarya move a little along some
dimensions of the shape space not recorded in the deformatiomodel. The training data
cannot be assumed to present all possible intra-class vatti@ns.

To tackle this issue, we propose asoft-constrained variant, where Y is attracted by the
valid region, with a force that diminishes with temperature: Y Y + ﬁ(YC Y). This
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unconstrained TPS-RPM

after iter 1 after iter 8 after iter 12
Figure 9: Three iterations of TPS-RPM initialized as in gure 8ddThe i mage points X are shown
in red, and the current shape estimate Y in blue. The green circles have radius proportional to the

temperature T, and give an indication of the range of potential correspondence considered byM . This

is fully shown by the yellow lines joining all pairs of points with non-zero m, . Top: unconstrained

TPS-RPM. Bottom: TPS-RPM with the proposed class-speci ¢ s hape constraints. The two processes
are virtually identical until iteration eight, when the unc onstrained matcher diverges towards interior

clutter. The constrained version instead, sticks to the tru e object boundary.

causes TPS-RPM to start fully constrained, and then, as temprature decreases andM

looks for correspondences closer to the current estimatedater iterations are allowed to
apply small deformations beyond the valid region (typically along dimensions not inEs.p).

As a result, output shapes t the image data more accurately, while still resembling class
members. Notice how this behavior is fully in the spirit of TPS-RPM, which also lets the
TPS more and more free asl' decreases.

The proposed extension to TPS-RPM reaches deep into its heamas it alters the search
through the transformation and correspondence spaces. Bike improving accuracy, it can
help TPS-RPM to avoid local minima far from the correct solution, thus avoiding gross
failures.

Figure Be shows the improvement brought by the proposed comsined shape matching,
compared to TPS-RPM with just the generic TPS model (gure BH). On the running
example, the two versions of TPS-RPM diverge crucially afte the eight iteration, as shown
in gure gl

5.4 Detections

Every local maximum in Hough space constitutes an initialization for the shape matching,
and results in di erent shapes (detections) localized in the test image. In this section we
score the detections, making it possible to reject detections andto evaluate the detection
rate and false-positive rate of our system.
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| || apple-logo | bottle | girae [ mug | swan || INRIA |
Training 20 24 44 24 16 50
Test 20+215 24+207 | 43+167 | 24+207 | 16+223 120+170

Table 1: Number of training images and of positive+negative test images for all datasets.

We score each detection by a weighted sum of four terms:

1) the number of matched model points, i.e. for which a corregonding image point has been
found with good con dence. Following [5], these are all poits v4 with maxi=1 .y (Mai) >
1=N.
2) the sum of squared distances from the TPS-mapped model puais to their corresponding
image points. This measure is made scale-invariant by normiing by the squared ranger?
of the image point coordinates (width or height, whichever s larger). Only matched model
points are considgred.

__ 2
3) the deviation i 2[1:2] 1(;5)  d(i;j ):p jdj  of the ane component d of the TPS
from the identity |. The normalization by the determinant of d factors out deviations due
to scale changes.

4) the amount of non-rigid warp w of the TPS trace(w’ w)=r2,
where ((a;b) /jj va Wpjj?logjiva Vbjj is the TPS kernel matrix [5].

This score integrates the information a matched shape prowdes. It is high when the TPS
ts many (term 1) points well (term 2), without having to distort much (terms 3 and 4).
In our current implementation, the relative weights between these terms have been selected
manually, they are the same for all classes, and remain xedn all experiments.

As a nal re nement, if two detections overlap substantiall y, we remove the lower scored
one. Notice that the method can detect multiple instances ofthe same class in an image.
Since they appear as dierent peaks in the Hough voting spacethey result in separate
detections.

6 Experiments

We present an extensive experimental evaluation involvingsix diverse object classes from
two existing datasets [12,[2R]. After introducing the datasets in the next subsection, we
evaluate our approach for learning shape models in subseoti [E2. The ability to localize

objects in novel test images, both in terms of traditional baunding-boxes and precise object
boundaries, is measured in subsectioi8.3. All experimentare run with exactly the same

parameters (no class-speci ¢ nor dataset-speci ¢ tuning $ applied).
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| || apple-logo |  bottle | girae | mug | swan |
Full system 90.2/90.6 | 96.2/92.7 | 70.8/74.3 | 93.9/83.6 | 90.0/80.0
No assembly 91.2/92.7 | 96.8/88.1 | 70.0/72.6 | 92.6/82.9 | 89.4/79.2

Table 2: Accuracy of learned models. Each entry is the average coverge/precision over trials and
training instances.

6.1 Datasets and protocol

ETHZ shape classes [12]1 This dataset features ve diverse classes (bottles, swans,
mugs, gira es, apple-logos) and contains a total of255 images collected from the web by
Ferrari et al. [IZ]. It is highly challenging, as the objectsappear in a wide range of scales,
there is considerable intra-class shape variation, and manimages are severely cluttered,
with objects comprising only a fraction of the total image area ( gures [18,[T3).

For each class, we learn 5 models, each from a di erent randoreample containing half
of the available images (there are40 for apple-logos,48 for bottles, 87 for gira es, 48 for
mugs and 32 for swans). Learning models from di erent training sets allows to evaluate the
stability of the proposed learning technique (subsectior8). Notice that our method does
not require any negative image for training, i.e. images notcontaining any instance of the
class.

The test set for a model consists ofall other images in the dataset. Since this includes
about 200 negative images, it allows to properly estimate false-posive rates. Table @ gives
an overview of the composition of all training and testing sés. We refer to learning and
testing on a particular split of the images as atrial .

INRIA horses [24]. This challenging dataset consists ofL70 images with one or more
horses viewed from the side and.70images without horses. Horses appear at several scales,
and against cluttered backgrounds.

We train 5 models, each from a di erent random subset of50 horse images. For each
model, the remaining 120 horse images and allL70 negative images are used for testing, see
table @.

6.2 Learning shape models

Evaluation measures. We assess the performance of the learning procedure of sexmtid
in terms of how accurately it recovers the true class boundaes of the training instances.
For the purpose of this evaluation, we have manually annotaed the boundaries of all object
instances in the ETHZ shape classes dataset.

Let By be the ground-truth boundaries, and Bmoger the backmatched shapes output
by the model shape re nement algorithm of subsectionfZB. Tl accuracy of learning is
quanti ed by two measures. Coverageis the percentage of points fromBg; closer than a
threshold t from any point of Bmegel - We sett to 4% of the diagonal of the bounding-box of
Bgyt. Conversely,precision is the percentage ofBmegel points closer thant from any point of
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Figure 10: A typical edgemap for a Gira e training window is very clutte red and edges are broken
along the animal's outline, making it di cult to learn clean  models.

Bgt. The measures are complementary. Coverage captures how nfuof the object boundary
has been recovered by the algorithm, whereas precision rege how much of the algorithm's
output lies on the object boundaries.

Models from the full algorithm. Table @ shows coverage and precision averaged over
training instances and trials, for the complete learning procedure described in sectioril4.
With the exception of gira es, the proposed method achievesvery high coverage (above
90%), demonstrating its ability to discover which contour points belong to the class bound-
aries. The precision of apple-logos and bottles is also eXtent, thanks to the remarkably
clean prototype shapes learned by our approach ( gurd_I1). riterestingly, the precision of
mugs is somewhat lower, because the learned shapes includedatail not present in the
ground-truth annotations, although it is arguably part of t he class boundaries: the inner
half of the opening on top of the mug. A similar phenomenon pealizes the precision of
swans, where our method sometimes includes a few water wavés the model. Although
they are not part of the swan boundaries, waves accidentallypccurring at a similar position
over many training images are picked up by the algorithm. A larger training set might lead
to the suppression of such artifacts, as waves have less ct@as of accumulating accidentally
(we only used 16 images). The modeling performance for gira es is lower, dudo the ex-
tremely cluttered edgemaps arising from their natural environment, and to the camou age
texture which tends to break edges along the body outlines (gurdD).

Models without assembling the initial shape. One could design a simpler scheme
for learning shape models by skipping the procedure for asswling the initial shape (sec-
tion E£2). An alternative initial shape could be obtained directly from the COP model
(section[Z1) by picking the highest con dence occurrencedr each part independently (i.e.
the single occurrence maximizing equation[{R)). This initial shape could then be passed on
to the shape re nement stage as usual (sectioiZ13).
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Figure 11: Learned shape models (three out of total ve per class). Top three rows: models
learnt using the full method presented in section[d. The rst 5 columns show models learned from
the ETHZ shape classes dataset, while the last column modelfrom the INRIA horses dataset. Last
row: models learnt using the same training images used in row 3, bu skipping the procedure for
assembling the initial shape (subsection[4P; done only forETHZ shape classes).

For each object class and trial we have rerun the learning algrithm without the assembly
stage, but otherwise keeping identical conditions (includhg using exactly the same training
images). Many of the resulting prototype shapes are moderay worse than those obtained
using the full learning scheme ( gure[I1 bottom row). Howeve, the lower model quality only
results in slightly lower average coverage/accuracy valug (table ). These results suggest
that while the initial assembly stage does help getting beter models, it is not a crucial step.
Interestingly, this suggests that the shape re nement stage proposed in sectioiZ13 is robust

to large amounts of noise, and delivers good models even whettarting from poor initial
shapes.

6.3 Object detection

Detection up to a bounding-box. We rst evaluate the ability of the object detection
procedure of sectiorfb to localize objects in cluttered tesimages up to a bounding-box (i.e.
the traditional detection task commonly de ned in the liter ature).

Figure [I2 reports detection-rate against the number of fals-positives averaged oveall
test images (FPPI) and averaged over the 5 trials. As discussd above, this includes mostly
negative images. We adopt the strict standards of the PASCALChallenge criterion (dashed
lines in the plots): a detection is counted as correct only ifthe intersection-over-union ratio
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Figure 12: Object detection performance (models learnt from real images). Each plot shows ve
curves: the full system evaluated under the PASCAL criterion for a correct detection (dashed, thick,

red), the full system under the 20%-loU criterion (solid, th ick, red), the Hough voting stage alone
under PASCAL (dashed, thin, blue), [L4] under 20%-loU (soli d, thin, green) and under PASCAL

(dashed, thin, green). The curve for the full system under PASCAL in the apple-logo plot is identical

to the curve for 20%-loU.

(loU) with the ground-truth bounding-box is greater than 50% All other detections are
counted as false-positives. In order to compare td[1Z14{ye also report results under their
somewhat softer criterion: a detection is counted as corredf its bounding-box overlaps more
than 20% with the ground-truth one, and vice-versa (we refer to this aiterion as 20%-IoU).

As the plots show, our method performs well on all classes bugira es, with detections-
rates around 80% at the moderate false-positive rate 0f0:4 FPPI (this is the reference point
for all comparisons). The lower performance on gira es is maly due to the di culty of
building shape models from their extremely noisy edge maps.

It is interesting to compare against the detection performance obtained by the Hough
voting stage alone (subsectiofi211), without the shape matueer on top (subsection{ 5 P[B13).
The full system performs substantially better: the di erence under PASCAL criterion is
about 30% averaged over all classes. This shows the benet of treatingbject detection
fully as a shape matching task, rather than simply matching bcal features, which is one of
the principal points of this paper. Moreover, the shape matting stage also makes it possible
to localize complete object boundaries, rather than just bainding-boxes ( gure [13).

The di erence between the curves under the PASCAL criterionand the 20%-IoU criterion
of [14,[14] is small for apple-logos, bottles, mugs and swaii8%; 1:6%; 3:6%; 4:9%), indicating
that most detections have accurate bounding-boxes. For hages and gira es the decrease is
more signi cant (18:1%; 14:1%), because the legs of the animals are harder to detect and
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| || apple-logo [  bottle | girae | mug | swan |
Full system 91.6/939 | 836/845 | 685/77.3 | 8441776 | 77.7177.2
No learned deform 91.3/936 | 82.7/84.2 | 68.4/77.7 | 83.2/75.7 | 78.4/77.0
Ground-truth BB 425/40.8 | 71.2/67.7 | 26.7/29.8 | 55.1/62.3 | 36.8/39.3

Table 3: Accuracy of localized object boundaries at test time. Each entry is the average cover-
age/precision over trials and correct detections at 0:4 FPPI.

cause the bounding-box to shift along the body. On average @r all classes, our method
achieves78:1% detection-rate at 0:4 FPPI under 20%-loU and 71:1% under PASCAL.

For reference, the plots also show the performance of[l4] oe same dataset, using
the same number of training and test images. An exact compason is not possible, as[[14]
reports result based on only one training/testing split, whereas we average over 5 random
splits. Under the rather permissive 20%-IloU criterion, [14 performs a little better than
our method on average over all classes. Under the strict PASEL criterion instead, our
method performs substantially better than [[I4] on two clasgs (apple-logos, swans), moder-
ately worse on two (bottles, horses), and about the same on tar (mugs, gira es), thanks
to the higher accuracy of the detected bounding-boxes. Avexged over all classes, under
PASCAL our method reaches71:1% detection-rate at 0:4 FPPI, comparing well against the
68:5% of [14]. Notice how our results are achieved even without théene cial discriminative
learning of [14], where a SVM learns which PAS types at which elative location within
the training bounding-box best discriminate between instaces of the class and background
image windows. Our method instead trains only from positiveexamples. Beyond this eval-
uation, the method presented in this paper o ers two important advantages over [T#4]. It
localizes object boundaries, rather than just bounding-baes, and can also detect objects
starting from a single hand-drawing as a model (see below).

Localizing object boundaries. The most interesting feature of our approach is the
ability to localize object boundaries in novel test images.This is shown by several examples
in gure 3] where the method succeeds in spite of extensivelutter, a large range of scales,
and intra-class variability. In the following we quantify h ow accurately the output shapes
match the true object boundaries. We use the coverage and posion measures de ned
above. In the present context, coverage is the percentage gfround-truth boundary points
recovered by the method and precision is the percentage of tput points that lie on the
ground-truth boundaries.

Table B shows coverage and precision averaged over trials dncorrect detections at
0:4 FPPI. Coverage ranges in78 92% for all classes but gira es, demonstrating that
most of the true boundaries have been successfully detectedMoreover, precision values
are similar, indicating that the method returns only a small proportion of points outside
the true boundaries. Performance is lower for gira es, due 6 the more noisy models and
di cult edgemaps derived from the test images.
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Figure 13: Example detections (models learnt from images). Notice the large scale variations
(especially in apple-logos, swans), the intra-category stape variability (especially in swans, gira es),
and the extensive clutter (especially in gira es, mugs). Th e method works for photographs as well as
paintings (rst swan, last bottle). Two bottle cases show also false-positives. In the rst two horse
images, the horizontal line below the horses' legs is part ofthe model and represents the ground.
Interestingly, the ground line systematically reoccurs over the training images for that model and
gets learned along with the horse.
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default TPS shape constrained default TPS shape constrained

Figure 14: (left) typical improvement brought by constrained shape matching over simply using the

TPS deformation model. As the improvement is often a re neme nt of a local portion of the shape

(the swan's tail in this case), the numerical di erences in t he evaluation measures is only modest
(in this case less than 1%). (right) an infrequent case, where constrained shape matching xes the

entirely wrong solution delivered by standard matching. The numerical di erence in such cases is

noticeable (about 6%).

Although it uses the same evaluation metric, the experimentcarried out at training time
in subsection 6.2 di ers substantially from the present ong because at testing time the sys-
tem is not given ground-truth bounding-boxes. In spite of the important additional challenge
of having to determine the object's location and scale in theimage, the coverage/precision
scores in table 3 are only moderately lower than those achi@d during training (table 3; the
average di erence in coverage and precision i§:1% and 2:1% respectively). This demon-
strates that our detection approach is highly robust to clutter.

As a baseline, table 3 also reports coverage/precision reks when using the ground-
truth bounding-boxes as shapesThe purpose of this experiment is to compare the accuracy
of our method to the maximal accuracy that can be achieved whe localizing objects up
to a bounding-box. As the table clearly shows, the shapes rerned by our method are
substantially more accurate than the best bounding-box, trereby proving one of the principal
points of this paper. While the average di erence is about35% it is interesting to observe
how the di erence is greater for less rectangular objects (wans, gira es, apple-logos) than
for bottles and mugs. Notice also how our method is much more urate than the ground-
truth bounding-box even for gira es, the class where it periorms the worst.

Finally, we investigate the impact of the constrained shapematching technique proposed
in subsection 5.3, by re-running the experiment without it, simply relying on the deforma-
tion model implicit in the thin-plate spline formulation (t able 3, second row). The cover-
age/precision values are very similar to those obtained though constrained shape matching.
The reason is that most cases are either already solved acately without learned deforma-
tion models, or they do not improve when using them because th low accuracy is due to
particularly bad edgemaps. In practice, the di erence madeby constrained shape match-
ing is visible in about one case every six, and it is localizedo a relatively small region of
the shape (gure 14). The combination of these two factors eplains why constrained shape
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Figure 15: Object detection performance (hand-drawn models). To facilitate comparison, all curves
have been computed using the 20%-loU criterion of [12].

matching appears to make little quantitative di erence, al though in many cases the localized
boundaries improve visibly.

Detection from hand-drawn models. A useful characteristic of the proposed system
is that, unlike most existing object detection approaches,it can take a hand-drawing as a
model, as well as training from real images. In the hand-drawng case, the modeling stage
simply decomposes the hand-drawing into PAS. Object detedbn then uses these PAS for
the Hough voting stage, and the hand-drawing itself for the $ilape matching stage. As no
deformation model can be learnt from a single example, our ntbod naturally switches to
the standard deformation model implicit in the Thin-Plane Spline formulation.

Figure 15 compares our method to [12] using their exact setupwith a single hand-
drawing per class as model anall 255images of the ETHZ shape classes as test set. Our
method performs better than [12] on all 5 classes, especiglin the low FPPI range, and
substantially outperforms the oriented chamfer matching baseline (details in [12]).

Beside this quantitative evaluation, our approach o ers three additional advantages
over [12]: it can train from real images, it supports branching and self-intersecting in-
put shapes, and it does not need the test image to contain longhains of contour segments
around the object (and is therefore more robust).

Interestingly, hand-drawings lead to a moderately better detection results than when
learning models from images. This is less suprising when ceidering that hand-drawings
are essentially the prototype shapes the system tries to lea.
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Figure 16: Example detections. Results are based on hand-drawings frm [12] as models.

7 Conclusions and future work

As con rmed by the experiments, we have proposed an approackapable of learning class-
speci ¢ explicit shape models from images annotated by bouding-boxes, and then localize
the boundaries of novel class instances in the presence oftersive clutter, scale changes,
and intra-class variability. In addition, the approach operates e ectively also when given
hand-drawings as models. Interestingly, the ability to input both images and hand-drawings
as training data is a consequence of the fundamental desigrf our approach, which is meant
to bridge the gap between shape matching and object detectio

The presented approach can be extended in several ways. Firdhe training stage models
only positive examples. This could be extended by learning &lassi er to distinguish positive
and negative examples, which might reduce false-positivesOne possibility could be to train
both our shape models and the discriminative models of [14]At detection time, we could
then use the bounding-box delivered by [14] to initialize slape matching based on our models.
Moreover, the current method exploits only image contoursdiscarding valuable information
such as texture and color. To further improve discriminative power, the representation could
be augmented with appearance features. Finally, our approeh assumes that all training
objects for a class are seen from approximately the same vig@aint. It would be interesting
to add a clustering stage to automatically group objects by wvewpoint, and learn separate
shape models.
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