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Abstract

This paper presents an approach to region-based hierardétiage matching, where, given two
images, the goal is to identify the largest part in image 1 @mdmatch in image 2 having the
maximum similarity measure de ned in terms of geometric phdtometric properties of regions (e.g.,
area, boundary shape, and color), as well as region topdleay, recursive embedding of regions).
To this end, each image is represented by a tree of recursarebedded regions, obtained by a
multiscale segmentation algorithm. This allows us to pas@ge matching as the tree matching problem.
To overcome imaging noise, one-to-one, many-to-one, andystiemany node correspondences are
allowed. The trees are rst augmented with new nodes geaeéray merging adjacent sibling nodes,
which produces directed acyclic graphs (DAGSs). Then, ttamsclosures of the DAGs are constructed,
and the tree matching problem reformulated as nding a kijecbetween the two transitive closures on
DAGs, while preserving the connectivity and ancestor-dedant relationships of the original trees. The
proposed approach is validated on real images showingasimbjects, captured under different types
of noise, including differences in lighting conditionsat&s, or viewpoints, amidst limited occlusion

and clutter.

I. INTRODUCTION

Image matching is a long-standing problem in computer wisiwhile most approaches use
point features and/or curve fragments for image matchimgyetis also a signi cant amount of
work on region-based matching. For example, matching usiggn properties is done to address
problems from stereo matching (e.g., [1]-[3]), and motmtical- ow analysis (e.g., [4]-[6]) to
object recognition (e.qg., [7], [8]). This work demonstateeveral advantages of using regions
over interest points or edge fragments for image matchihg. Aigher dimensionality of regions
makes them richer descriptors of target objects’ geomeiraperties, such as size and shape,
and photometric properties such as gray-level contrase figher dimensional character of
regions also makes their matching more stable to small ilation and viewpoint changes across
given images. This work, however, uses only region geomatry appearance for matching.
The motivation behind the work reported in this paper is tteed the matching criteria to
include hierarchical region properties, which should iayer the robustness of image matching.
Speci cally, this paper proposes a robust solution to théofang problem: given two images,
image 1 and image 2, nd in image 2 a match for each region irgenh such that the matched

regions have similar geometric and photometric propertles same holds recursively for their
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subregions, and the set of matches maximize a combinati@muofarity and total image area
covered by the matched regions.

Similarity between regions is expressed in terms of inicingeometric and photometric
properties (e.g., region area, boundary shape, and cal®orjell as and the proposed extension
involving topological properties (e.g., region layout,dathe number of subregions, and the
relationships between the properties of the subregionstlamdegions). To compactly capture
these requirements of the proposed matching algorithnin aage is represented as a segmen-
tation tree. Each node in the tree denotes an image segmesevontrast with the surround is
signi cantly larger than its interior variability. The ro®f the tree represents the entire image,
and the children of any node represent subsegments coditaitien the parent segment. The leaf
nodes correspond to segments that are truly uniform in bréegs, or have an inhomogeneity level
that is acceptable. Successive levels of the tree thusreaptoaller details completely contained
within the parent regions, and subtrees correspond to ag#m With this representation at
hand, our matching problem becomes a graph matching problamely, nding all similar
subtrees across the two image trees.

In real life, however, due to lighting, viewpoint, or scalariations successive images of the
same scene do not always yield the same tree structure. $tanae, a region in image 1 may
often be segmented into two or more smaller, low-mutuak@st regions in image 2 due to
a slightly different illumination direction. Similarlyhe reverse may happen and two regions
may merge. While such minor changes change the image apgeacmly slightly, they will
signi cantly alter the tree topologies. Our solution musti$ allow region matching despite the
signi cant differences in the associated tree structure.piésent a tree matching algorithm that
addresses this need.

We conduct tree matching by explicitly accounting for maoymany, one-to-many, and one-
to-one node correspondences at the same time. To this emdetimentation trees of a given
image pair are modi ed by inserting and appropriately carimg new nodes, referred to as
mergers. Each merger node is the union of a few children ofda N instantiates the hypothesis
that the children were incorrectly formed due to, for exaenpyhting changes etc., and therefore
their union should be restored as a separate node. To coymrsaibilities, mergers correspond
to all members of the power set afljacentchildren under each node. The adjacent sibling nodes

that merged are called the source nodes. Mergers do nonelientheir source nodes in a given
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tree. Instead, each merger is inserted as a sibling of itcemodes (i.e., a merger is connected
to its sources' parent), and inherits the children of itsreeunodes. Thus, the addition of mergers
converts the tree into a directed acyclic graph (DAG). Théas, transitive closure of the DAG
is constructed by adding new edges between each node andsiterdiants in the DAG. The
reason for constructing transitive closures is that theataming is more exible than matching
DAGs, allowing matches of all descendants under a visitetbn@he tree matching algorithm
is then presented as a graph matching algorithm that ndsjectibn between nodes of the
two transitive closures. The bijection must satisfy thddiwing consistency constraints whose
reasons are obvious: (1) each merger is disallowed to métith source nodes get matched,
and (2) matching transitive closures of DAGs should preseahe original connectivity, and
ancestor-descendant relations of the segmentation fféese consistency constraints disallow
many node-pairs from being candidates for matching, thestiminating the inef ciency that
would otherwise result from our formulation of the tree niatg problem in terms of the more

general problem of graph matching.

A. Literature Review and Relationship to Previous Work

Image matching by using graph abstractions has been ths fufcsustained research activity
in computer vision for more than two decades now. The two lesyes investigated in the
graph-matching literature are how to measure the simylarittwo graphs in the presence of
structural noise, and how to search ef ciently for the besitech. Early work includes Barrow
and Burstall's idea [9] to match two graphs by searching f&r maximum common subgraph.
This problem can be reformulated as nding a maximum cligfihe association graph, whose
vertices represent all pairs of nodes in the two originapgsa Pelillo et al. [10] use their idea
to solve the problem of attributed tree matching. Their radtmds a match by specifying an
association graph whose maximum weighted clique is in oreAae correspondence with the
maximum common subtree. Although the maximum clique pmobige known to be NP-hard,
powerful heuristics and theoretical results exist thatvjgt® for good approximate solutions
[11]. Here, the most relevant is the Motzkin-Straus theof&g), which allows us to transform
the maximum clique problem into a continuous quadratic @ogning problem that can be
ef ciently solved, for example, by replicator dynamics [+BL5].

A different approach to graph matching uses the spectradhgtheory. The structural prop-
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erties of graphs are captured by the eigenvectors of thecewljgt matrix, or the Laplacian
matrix. Examples include Umeyama’s idea [16] to perforngsiar value decomposition on the
adjacency matrices of two same-size graphs, and a moreteoehof Shokoufandeh et al. [17],
where similar graph structures are ef ciently retrievednr a database of graphs by exploiting
the upper bounds on the stability of graphs' spectra witlpeesto minor topological changes.
While recent work on spectral graph matching puts a sigmtoaffort to improve the resilience
of these methods to structural noise [18], [19], there are taajor fundamental weaknesses
of the spectral representations: (1) structurally diiférgraphs may have the same spectrum,
and (2) noise added by a few spurious nodes or edges in a graphsigni cantly change its
spectral representation.

Another group of approaches to error-tolerant graph matgcimvolves directly minimizing
the differences between the graph structures. Speci cHigse approaches minimize a measure
of difference called the graph edit-distance introducedBunke and Allermann [20], and
independently by Fu and his collaborators [21]-[23]. Eliftance associates a cost with basic
edit operations on nodes and edges — such as insertionpdeleterging, splitting and relabeling
— the sequence of which would make the two graphs isomor@yicninimizing the cost of
modi cations needed in the two graphs to match them, it issgme to compute a measure of
similarity between them. However, nding an optimal seqoewf edit operations that minimizes
the specied cost is in most cases computationally protibitRecently, Bunke and Kandel
[24] have established the relationship between the sizeefriaximum common subgraph and
the edit-distance. They have shown that under certain @nt on edit-costs — namely, that
deletions and re-insertions of nodes and edges are not mpengve than the corresponding
node and edge relabeling — computing the maximum commonrapbagnd the minimum-cost
edit-distance are computationally equivalent. This ismapartant result, because under the given
constraints one can optimize the sequence of edit opesabaly via insertions and deletions
instead of using a larger set of edits, thus reducing contipu& complexity.

Recent work considers improving the robustness of editdie based matching to the amount
of structural noise. In particular, Sebastian et al. [25}ehdeveloped a variational method to
measure the distance between two graphs as the minimumt eXtdeformation necessary for
one graph to match the other. To extract shape skeletonsje€tebin video, Golland et al.

[26] have proposed to minimize a suitably de ned cost of dmpalturbations of graph nodes.
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These approaches are relatively robust to deformationgadphgstructure; however, while the
former requires that the two graphs are initially alignedomder to be matched, the latter is
computationally very expensive, which signi cantly nan®the domain of their application. For
the case of matching trees, Torsello and Hancock [27], [28p@se that instead of matching
the original trees, one should match their transitive alesuln transitive closures of trees, the
original set of tree nodes remains intact, whereas new eglgeadded between every tree node
and its descendants. The transitive closures allow thaaelsdor a maximally matching node
pair is conducted over all descendants under a visited trcesde pair, rather than stopping
the search if the ancestors' children do not match. This makatching more exible and
robust. Also, in [27], Torsello and Hancock rede ne theiedrmatching formulation so that it
could be applied to the tree-to-DAG matching problem; havethey only informally state
that the theoretical ndings previously proved for theie@r matching approach generalize to
this new setting. Our approach is most closely related te Work. The main differences are
that they augment only the initial set of edges, while we asignboth the set of edges and
set of nodes to form transitive closures on trees or DAGs, taatl they assume only one-to-
one node correspondences, while we account for one-toroany-to-one, and many-to-many
correspondences, all at the same time.

The assumption of one-to-one node correspondences in imgishusually too restrictive. Re-
cently, several many-to-many and many-to-one graph-maicipproaches have been proposed
to address this problem. For example, Keselman et al. [28], @emirci et al. [30] propose
to embed a tree into a normed space by partitioning the tteeNnmutually exclusive paths,
corresponding to it leaf nodes. ThesB paths can be viewed as de ning &h-dimensional
normed space, in which every tree node represents a vectorentries corresponding to the
paths necessary to traverse to reach the node from the embed two trees with a different
total number of leaf nodes into a unique normed space, theythesPCA. This transforms tree
matching to the problem of many-to-many matching of poimtsailow-dimensional normed
space, for which they use the Earth Mover's Distance algori{31], [32]. Such embedding,
however, may produce different normed spaces for the sagee $ince the choice of distinct
paths in the tree is not unique. Liu and Geiger [33] have stlidnany-to-many graph matching
in the context of edit-distance. Due to the high computatiaost of searching for the minimum-

cost edit-sequence, they use a sub-optimal, heuristic gdorahm. Sebastian et al. [25] have
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also considered one-to-many node correspondences. Inajwyeioach, matching a single node
with another single node is favored, while matching a simgide with many is penalized with
a high cost, which may not be justi ed in many cases.

Relevant to our approach is many-to-many tree matchingguie notion of -morphism
proposed by Pelillo et al. [34]. They mergetuplets of nodes, replacing them with a single
node, referred to as merger, and try to match the combine@ modcanother merger in the
other tree. Merging of nodes is allowed only if their weighiiffer by less than . Since our
approach also merges nodes, it is worthwhile to note thereifices: (1) they allow merging
among only those nodes that satisfy the threshold congt(@intheir mergers replace the source
nodes, whereas ours augment them, (3) their mergers aredoimom all possible nodes along
the ascendant-descendant path, whereas ours are formedmahg sibling nodes representing
contiguous image regions, and (4) their merging transfatmsoriginal tree into another tree,
whereas ours, into a directed graph.

There is very limited past work on matching segmentatiomanahies in which the recursive
containment of regions is explicitly used as a cue for matghiFor the most part, existing
methods use greedy approaches, where, for example, mgtishdone top-down only between
regions at the same tree level, such that a bad match betweeregions penalizes attempts to
match their respective descendants [35], [36]. In [37], gusace of planar graphs, represent-
ing multiscale image segmentations, is de ned as segmentaierarchy, and ten topological
relationships between any two regioms andv, in the segmentation hierarchy are de ned as
a combination of the following basic relationships: i) may be adjacent te,, (i) v; may
enclose but not contaiw, (iii) v; may containv,, and (iv)v; andv, may be apart. Then, given
two segmentation hierarchies, their matching is formualeas a one-to-one mapping between
regions of one hierarchy and regions of the other, whichgmes the ten topological properties
associated with each region. In case two regions from the Hiecarchies differ in a single
topological property (e.g., adjacency) their pair is didea, which yields poor matching results
for two images with variations arising, for example, fromrtfa occlusion of target objects.
Also, as other one-to-one matching approaches, this meshffdrs from low robustness to

small topological changes in graph structure.
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B. Contributions

The main criticism that can be leveled at the existing mamgainy, or many-to-one image
matching approaches is that image graphs are treated asabeaéa structures, disregarding
the fact that nodes represent structures in images. For mgantmresholding methods, which
involve node merging, specify a heuristic, single, glotbakshold applied to the whole graph
structure. In real images, mergers are needed to handleskef borders between regions, e.g.,
due to illumination changes, and therefore, the optimaghold for merging nodes varies across
the image. Further, the magnitude of node attribute digparin two images to be addressed
by mergers is a priori unknown. Consequently, these appesaare very sensitive to threshold
selection. An arbitrarily small threshold on the allowedgdirity may result in a wasted effort
when merging is attempted, while large threshold values feagl to excessive merging, and,
hence, to an unjusti ed loss of structural information. Mover, the node merging methods
are primarily concerned with graph transforms for formingrgers, such that the resulting
matching would be less sensitive to structural noise, wittacounting for the plausibility of
these transforms in the image space or for the costs of tmespmnding region mergers. Another
characteristic of the existing methods is that they are amable of considering one-to-one,
many-to-one, and many-to-many node correspondences aathe time.

Our approach allows enforcement of image constraints aredt@one, many-to-one, and
many-to-many node correspondences, at the same time, ichimgttwo similar image trees
that contain structural noise, which may be local (e.g.,va f®des/edges missing) or global
(e.g., children nodes of a node in one tree become greatighddren of that node in the other
tree). We augment the image segmentation tree with mergpregenting the power set of only
those nodes that represent neighboring image regions.athigion of mergers transforms the
segmentation tree into a graph. The extra nodes preseneigrph represent the redundancy
needed to combat realistic noise, since only adjacentmegice plausible candidates for mergers.
Image matching is formulated as graph matching, subjechéocbnsistency constraints that
node ascendant-descendant relations of the original sggtien trees must be preserved, and
matching of the mergers must be disallowed in case theirceonodes already got matched.

Recall that Torsello and Hancock [27], [28] have showed,thaen two trees, better perfor-

mance is obtained by matching their transitive closures tha original trees. We advance their
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idea by matching the transitive closures on directed grapbtsined by augmenting the original
trees with mergers. In addition, our graph matching is stilifethe aforementioned consistency
constraints. Hence, we generalize their work, by givingrteeessary and suf cient conditions for
nding a sequence of edit-operations, which induces a test subtree isomorphism between
the two transitive closures on DAGS.

For experimental validation we match images in a set to nasthcontaining similar objects.
We use a carefully prepared database consisting of 700atattene images showing similar
objects, including owers, animals, musical instrumemsl &uildings. By choosing similar reso-
lution, viewpoints, illumination and other imaging condits, we ensure that object occurrences
consist of image regions that have similar low-level prtipsr such as color, size, and shape
across the database. At the same time, we also ensure thge n@gions occupied by a specic
object type also exhibit signi cant low-level differenceélat are expected to be encountered
in real life. To this end, we allow owers, animals, musicalstruments to vary by selecting
them from the same class instead of being exact replicatibtitee same objects. This results in
low-level variations, for example, in color by selectingrées of different color, or in size and
shape of different sun owers. Another cause of low-leveiatons in the database comes from a
certain degree of occlusion present between objects amigrclalso, there exist pairs of images
that have signi cantly different lighting conditions. Tee variations result in geometric and
photometric differences between regions that should behedt and thus test the robustness
of our matching criteria and algorithm. The matching perfance is measured through (1)
appropriately de ned pixel- and region-matching erromsd 42) clustering the database images
into sets containing similar objects. Such validation o rmages offers more challenges than
synthetic data (e.g., in [19]), binary images of object @ilbttes (e.g., in [10], [27], [28]), or
simple scenes of a single object in front of a uniform backgdy obtained in a lab-controlled
environment (e.g., in [8]). Our experimental results shbat taccounting for one-to-one, many-
to-one, and many-to-many node correspondences at the sameand a local regulation of
image graph transformation do indeed yield successful mrajcperformance on real images,
and demonstrate the advantages of our approach over prite wo

This paper is organized as follows. The multiscale imagensegation algorithm, used in this
paper for representing images as trees, is reviewed indpelitiThe image matching problem

is formulated within the graph-theoretic framework in $aatlll. Section IV presents our
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divide-and-conquer algorithm for matching transitivestlces on DAGs. Section V is concerned
with the computational complexity of our approach. The expental validation is reported in

Section VII, while our conclusions and nal remarks are meed in Section VIII.

II. MULTISCALE IMAGE SEGMENTATION

In this paper, images are represented by trees obtained jt&cale segmentation algorithm
discussed in [38]-[40]. The segmentation algorithm parig an image into homogeneous re-
gions of a priori unknown shape, size, gray-level contrast, topological context. Here, a region
is considered to be homogeneous if variations in intensithim the region are smaller than
intensity change across its boundary, regardless of itdatlesdegree of variability. Consequently,
image segmentation is performed at a range of homogeneitesjai.e., intensity contrasts,
referred to as photometric scales. A segment at any photanstale may be recursively
segmented to extract ner scale segments, characterizeddogasing degree of homogeneity,
until one obtains strictly constant intensity regions. Aeault, this process yields a multiscale
segmentation of the image.

Speci cally, the algorithm models the segmentation preces physical terms by treating
image pixels as charged particles attracted to other pf@8F The force of attraction of a
particle to another patrticle is proportional to the siniilaof their gray levels and closeness of
their locations. The net force of attraction exerted on alpikus tends to be in the direction
in which similar pixels lie close by. Pixels belonging to agien form a smoothly varying,
convergent, force ow eld, which exhibits a force divergem across the region border. Since
the photometric scale parameters of image regions are wikaopriori, all the regions can be
detected by varying exhaustively the photometric scalesacthe entire range (e.g., gray-level
intensity 1-255), as illustrated in Fig. 1a. As the photaietcale varies, the force signatures
of regions emerge when the scale parameters approach thesvdd ning the regions. As the
photometric scale increases, regions with smaller gregtleontrasts than the current scale
strictly merge. A sweep of the scale parameter values thaidtsein the extraction of all the
segments present in the image.

The segmentation tree is then derived by organizing the satgd regions into a tree structure
with respect to their size and location in the image. In trgmsentation tree, the root represents

the whole image, nodes at upper levels, closer to the roptesent large regions, while their
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children nodes capture smaller details completely coathiwithin the corresponding parent
region, as depicted in Fig. 1b. The number of tree levels hachbmogeneity values associated
with regions are dynamically determined by the algorithm éach image at hand. Thus, for
example, the segmentation tree may be highly unbalancedd, leaf nodes occurring at any
level, and with each node having arbitrary many childrendiatated by the image topology. In
the sequel, we will use the notion of adjacent sibling regidRegionv; and regionv, having
the same parent regiam in the segmentation tree are called adjacent siblings ifdik&ance,
d.,v,, between the two closest points on the boundaries of regipasdv, is smaller than 5%
of the square-root ofi's area,d,,,, < 0:05 P aredqu).

Each node of the segmentation tree is characterized by tifiesic geometric and photometric
properties of the corresponding region. The geometricgntags may include the area and shape
of the region, while the photometric properties may encassfihe gray level mean and variance
of the region. The choice of region properties is dictatedni®yunderlying application for which

the proposed region-based image matching is used.

[1l. TREE MATCHING

In this section, our objective is to formulate image matghas the tree matching problem.

To this end, below, we rst present necessary graph-thaooencepts.

A. De nitions

Let G = (Vg;Eg; &) denote an attributed, directed graph, wh¥geis the set of vertices
(nodes)Es Vs Vg is the set of directed edges, and : Vg ! is a function that assigns
an attribute vector , 2 (e.g., geometric and photometric properties of the comedmg
region) to each node 2 V. For any pair of nodesi;v 2 Vs connected by an edge, denoted
asu v, u is said to be thearentof v, andv is said to be thehild of u. Children of the same
parent are callediblings A directedpath between nodeg,;v, 2 Vs, denoted ay; v, is any
sequence of distinct nodesv,:::Vv, 2 Vg, such thaty; vi.,, fori=1;:::;n L If vy = v,

the path is called a cycle. A rooted tree= (Vr;Et; 1), is an attributed, connected, directed

!In the general de nition of a weighted graph, weights aregrssd to both edges and nodes. Since in our graphs only esrtic

are weighted, we call them attributed graphs to distingti&m from weighted graphs.
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(a) Original image and example segmentations for photamstales: 4, 6, 8, 10, 12, 16, 20 (in a raster scan).

s f %ﬁé’imap [Ta
B o Bk o

Sl

(b) Segmentation tree: projections of nodes at tree leves 2, 5, 6, 7, 8, 9 out of 16 tree levels onto the image plane (in

raster scan), where the root is at level 1.

Fig. 1. Images are represented by trees obtained from thésoale segmentation algorithm [38]—[40].

graph with no cycles, in which each node has one and only orenpaxcept for the one node
calledroot that has no parent€onnectivitymeans that for each pair of nodesTinthere is an
undirected path between them. Tineluced subgrapl&[U] of G is a graph withU Vg as its
node set, and whene v in G[U] if and only ifu v in G.

Let Gy = ( Vs, Ec,; ;) andG;, = (Vs,;Ec,; &,) be two directed acyclic graphs (DAGS).
Any bijectionf : Ug, ! Ug,, whereUs, Vg, andUg, Vg,, is calledsubgraph isomorphism
if G1[Ug,] is the induced subgraph @&; and G,[Ug,] is the induced subgraph @;. That is,

a bijection between two subsets of nodesGpand G,, respectively, is subgraph isomorphism
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if it preserves the node adjacency and ancestor-descenglatibns of G; and G,. Subgraph
isomorphism can be associated with a cost function of madctiie induced subgrapi@; [Ug, ]
andG;[Ug,] by bijectionf . One frequently used formulation of the cost functioedkt-distance
[9]. One can think of constructing the induced subgraBhi$Js, ] andG;[Ug,] as removing nodes
from Vg, andVg, by the edit-operation callecemove after which the remaining nodes U,
are matched with those dg, by the edit operation calleghatch Letw, be the cost of removing
nodev from a graph, and let,,,, be the cost of matching two nodes andv,. Both edit-costs
can be de ned in terms of the attribute vectorg, as will be discussed in Sec. VI. Then, the

edit-distance of a given subgraph isomorphismUg, ! Ug, is de ned as

X X X
D ) WV1 + WVz + mV1V2 ! (1)
v12Vg, nUg, V22V ,NUg, (vi;v2)2Ug,; Ug,
= WV1 + WV2 [WVl + WV2 mV1V2] : (2)
v12Vg, V22Vg, (viv2)2Ug, Ug,

The goal of a graph matching algorithm can be formulated ating the subgraph isomor-
phism that is characterized by the minimum cost functionterdatively, a matching algorithm
can be formulated as a search for the maximum subgraph igdmsar, characterized by the

maximum similarity measure (also referred to as utility][d28]) W de ned as
P
W ’ maXf (vi;v2)2f [WVl + WV2 mVlV2]+ ; (3)

where[x]., max(0;x). If [wy, + w,, my,,] 0, 8(vi; V), the minimum-cost edit-sequences
of removesandmatcheson G; andG,; induce the maximum subgraph isomorphism betw@&en
and G..

B. Problem Formulation

Tree matching can be formulated as nding two optimal segesrofedit-operationscalled
edit-sequenceson treesT; and T,, respectively, which produce the maximum subtree isomor-
phism [24], [28]. In this paper, we consider the following sé edit-operations:

1) RemoveRemoves a node, and links its children to its parent.

3) Merge Coalesces-tuples of adjacent sibling nodes having the same parefatree to

assourcenodes, into a new node, callederger which is then added to the graph. In the
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n-tuple, all source nodes represent regions are adjacerdadio ether. The merger does
not remove the sources from the graph. The merger is cormhéatthe sources' parent,
and inherits all the sources' children.

4) Split Generates two or more nodes from a single source node. Eachade thus obtained
is then connected to the parent and children as the souras nod

5) Match Matches a pair of nodes.

For the purpose of matchin@; and T,, we treatremoveas dual toinsert and mergeas dual
to split, because the result aémove(split) in T; can be achieved by usingsert (mergg in
T,. Consequently, edit-sequences Bnand T, may consist of onlyemove mergeand match
operations.

In this paper, we take one of many possible solutions to gdihe optimal edit-sequences
on T; and T,. Specically, we rst conduct all possiblenergeson T; and T,, which yields
directed graph$s; and G,, respectively, and then perform necessamovesand matcheson
nodes ofG; and G,, which would induce maximum subtree isomorphism. This cegduedit-
sequence optimization to selecting the optimal sequencembvesand matches An example
of performing onemergeoperation on a tree is illustrated in Fig. 2. Note thargetransforms
the tree into a DAG in which the connectivity and ancest@edadent relations between nodes
of the original tree are preserved by de nition. The two auteble sequences eémovesand
matcheson nodes 0fG; and G, must ensure that the resulting maximum subtree isomorphism
betweenG; and G, satis es the following consistency constraint: if a mergematched then
its source nodes cannot be matched and vice versa.

In the following section, we discuss our approach to ndihg bptimal sequence oémoves

and matches

C. Transitive Closures

We propose to conduct matching between two given DAGs by majctheir transitive
closures. The transitive closure is constructed from a DAGes$tablishing additional parent-
child connections between each pair of nodes that are ctethedth a directed path in the
DAG, as illustrated in Fig. 2c. Formally, a transitive closwf a DAG G, denoted as( G), is
a DAG with the same node set & and with edges satisfying vin ( G), u vinG.

Note that multiple distinct paths v 2 G correspond to the unique edge v in ( G). Note
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@)

Fig. 2. Suppose in the tree depicted in (a) only nodesdf represent adjacent sibling regions embedded in a largenpar
regionc. Then,mergecan be applied only tal andf , which results in a new nodd , depicted in (b). The transitive closure
of the DAG in (b) is illustrated in (c).

that our approach generalizes Torsello and Hancock's [28],idea of using transitive closures
of trees by extending it to DAGs. More speci cally, we givecessary and suf cient conditions
for nding the sequences ofemovesand matcheson two DAGs G; and G, which induce a
subtree isomorphism between transitive closufe&;) and ( G,) subject to the consistency
constraints. To this end, we begin with the following lemrtiee operations of transitive closure,
( ), andremoveof nodev from a DAG, R,( ), commute.

Lemma 1:R,(( G)) = ( Ry (G))

Proof: SinceR,(G) andR,(( G)) operate on the same node two graphsR,(( G))
and ( R,(G)) have the same node sets. Next, we show that edde a 6 v, b6 v is in
Ry(( G)) if and only if it is in ( R,(G)). Distinct paths between andb in G that do not
containv will not be effected byR,(G) leaving the corresponding edges Ry (( G)) and
( R,(G)) intact. Now, suppose is on multiple distinct patha * bin G, then by de nition we
havea b2 R,(G), a'b2 G.Thus,a b2 (R/(G)) a b2R,(G)) a'b2G)
ab2 (G)) ab2Ry((G)). Similarly, we havea b2 R,(( G) ) a b2 (G))
a'b2G) a b2R,(G)) a b2 ( R/(G)). m
Recall that DAGsG; and G, are obtained by applying all possibleerge operations to the
original trees. Lemma 1 allows us to relate the edit-basetimrey of G; andG,, usingremove
andmatchoperations, to a subtree isomorphism betwde®,) and ( G,) which must satisfy
the consistency constraints, as stated in the followingréra.

Theorem 1: Suppose subtrees obtained from a DAG> by applying a sequence oémoves
Then,G andt are subtree isomorphic subject to the consistency comgtraf and only if for

each two siblings/; andv; in t there is no edge; v, in ( G).
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Proof: Note that Theorem 1 is a generalization of its counterpaffifj, [28], wherein
every sequence aemoveson treeT induces an isomorphic subtree ¢fT). In contrast, our
Theorem 1 deals with DAGs, where some sequencesmioveson G may not induce an
isomorphic subtree of G), and may not satisfy the consistency constraints.

Suppose = R(G), whereR(G) = R,, Ry, (G) is a sequence akemoves Then, by
virtue of Lemma 1, we haveg t) = R(( G)), i.e.,t is a subtree of( G). It follows that for
any two siblingsv; andv, in t there are no edges Vv, in ( G), because by de nition there
are no directed paths between siblingsandv, in t.

Now, to prove the converse, suppose thet a subtree of( G), and that for any two siblings
v, andv, in t there is no edge; Vv, in ( G). Our goal is to prove that there exists a sequence
of removeson G resulting in isomorphic subtreie Note thata b2t) a b2 ( G), which
means that there are possibly multiple distinct path® 2 G. It is therefore necessary to show
that for every edgea b 2 t, R(G) must operate on all nodds;g 2 G that are on paths
a"b2G.

Suppose that node is not removed byR (G), andv is on patha ' b2 t, anda b2 t. Let
a nodeu in t denote the minimum common ancestoraofindyv in t, as illustrated in Fig. 3.
Sincet is connected, there exist two distinct childrenwin t, denoted asi, andu,, such that
U, is ancestor of in t, andu, is ancestor o in t. Nodeu, cannot be ancestor @, because
u is the minimum common ancestor wfanda. Therefore, there is a directed path u, 2 G,
which contradicts the initial assumption that edge u, cannot be in( G). Consequently,
givena b2 t, all nodesv in G that are orall pathsa ' b2 G must be removed bRR.

By de nition, R preserves connectivity and ascendant-descendant redatibnodes inG.
Also, note that either the inserted mergers or their souomes remain irt, sinceR (G) must
removeall nodesv in G that are orall pathsa ' b2 G. Consequently satis es the consistency
constraints. m

In conclusion, by virtue of Theorem 1, it is possible to nddvsequences aofemoveson
G; and G, that would inducet; andt,, which are subtree isomorphic t6 G;) and ( G,),
respectively, and satisfy the consistency constraintsceSminimizing the edit-cosb, given
by (2), and maximizingV, given by (3), are equivalent in our formulation, the minimigost
sequence afemoveson G; andG, yields the maximum consistent subtree isomorphism between
( G1) and ( G2).
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Fig. 3. Example of a hypothetical path’ b2 t that coexists with edga b2 t: u, ua, Uy, andv are hypothesized nodes
in subtreet; dashed lines represent paths and full lines indicate edes gure shows that there must exist a directed path
betweenua anduy, which contradicts the initial assumption.

IV. RECURSIVE COMPUTATION OF SIMILARITY MEASURE BOTTOM-UP

To compute the maximum consistent subtree isomorphismdagty G;) and ( G,), we use
the following strategy. For each pair of nod@s; u,), whereu;2 ( G;) andu,2 ( G,), the
maximum consistent subtree isomorphism is found for the thansitive closures rooted at
andus,. In this fashion, the matching problem is solved recurgivietough a set of sub-matching
problems. Let us assume that for all the childkgnof u; in ( G;) and all the childrens, of
u, in ( G,) we have previously computed/ (vi; v»), given by (3), of the transitive closures
rooted atv; andv,. Then, our goal is to nd the optimal set ¢f/;Vv,) that do not violate the

consistency constraints, and at the same time yield thedawj (u;; u,). From (3), we have
P
W(ug;up) = [wy, + Wy, Myl + (V1:v2)2C(u1:u2) W (vi; Vo) ; 4)

where C(uy; u,) denotes the set of selected consistent pairs of children; cdnd u,. Once
computed W (uy; uy) is further propagated to ancestorsuafandu,.

As shown in [9], [10], [28], nding C(u;;Uuy) is equivalent to solving the maximum clique
problem. That isC(us; u,) is the maximum weighted clique of the association graph tcoced
from all possible children pairévi; v,), where thev;'s are the children olu; and thev,'s are
the children ofv,. Each node(vy;Vv,) of thus constructed association graph is characterized
by weightsW (vi;Vv,). A clique C is a subset of graph vertices in which all pairs of nodes
are connected by an edge. The maximum weighted clique hadatpest total weight of
nodes included in the clique. Thus, we decompose the gragibhing problem into a series
of maximum weighted clique problems, following a long-ka®cord of similar approaches
reported in the literature since the seminal paper by Baaod Burstall [9].

The maximum weighted clique formalism allows us not only tal the maximum similarity
measure associated with the maximum consistent subtreerpbism, but also to account for

the consistency constraints in a principled manner, asaexgd below. For each node pair
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(ug;up) 2 (1 Gy  ( Gy), we rst construct the association gragh= (Va; Ea; Wa), Where
Va = fi=(vy; Vo) iUy vijux Vo andug;vi2 ( Gp);up; v2 ( Gy)g, Ea is the set of undirected
edges, andV, : Va ! R* is a function that assigns positive real weighM&i) to nodes

i = (Vvi;V2) 2 Va, WhereW (i)=W (vy; V) is given by (4). When specifyinge,, node pairs
(v1; v2) and(v?; v9) in A should not be connectedvf andv? or v, andvs violate the consistency
constraints. Hence, imposing the consistency constrardsne in a simple manner during the
construction ofA.

There are many approaches to solving the maximum weightgdecproblem (see [41] for a
review). In this paper, we use the game (replicator) dynarajproach thoroughly discussed in
[10], [13]-[15]. This method uses the Motzkin-Straus tleor[12] to transform the maximum
clique problem, known to be NP-hard, into the following doobus quadratic programming
problem. Consider a non-negative, symmetric ma®@&( ¢; )jv,jj v.j. Where for nodes;j in
the association grapA we have: (i)q;, Wl(l) if i=j; (i) g, Oif i6), andi j; and (iii)

g , Wl(l) + Wl(” otherwise. Also, consider a characteristic veatbr( x%);v,; 1 of a subset of
verticesC in A, wherex€ is a point in the standard simpley, ;=fx 2RVl : eTx=1;x 0g,
de ned asxF, W(i)=P i2c W(j) if i2C, or x¥, 0 otherwise. ThenCis a maximum weighted
cligue of A if and only if x© is a global solution of the following optimization problem:

X“=maxy,s,  X'( ee” Q)x [14], where , maxq; . This quadratic programming problem

iVa

can be solved iteratively by using the following replicagmuations in iteration stefi+1):

_ o ((ee” Qx()i .o _ ... N
Xi(t+1) = X'(t)x(t)T( e QX (D) ' I =1;:::;]Va] : (5)

Starting from an arbitrary initial state (in our cas€0)=15Vaj;i=1;:::;jVaj), it can be shown

that the trajectory ox (t) under the replicator dynamics of (5) converges to a striclloptimizer
of the above quadratic programming problem. The stoppiitgroon is set at iteration stetp for
which 8i; x(t;) 2 [0:05;0:95] Then, nodes in the association grapA whose corresponding
Xi(tc)>0:95 are taken as nodes of the maximum weighted clique of the assocgraphA.

The total weight of nodes in the maximum weighted cliquefofs inserted in (4), which
gives usW (uq; Up). In this manner, we compute the similarity measure of altsds rooted at
node pairqui;uy) 2 ( G;) ( Gy). Then, the subtree pafu;; u,) with the largest similarity
measure determines the maximum consistent subtree isbmorpwhose set of matched nodes

is equal tof (ug; up) g[C (ug;uy) .
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In the following section we present the computational caxipy of the proposed approach.

V. COMPUTATIONAL COMPLEXITY OF MATCHING

There are two major steps in our approach which contributeotmputational complexity:
augmentation of given trees with merger nodes, and actutdhimg of thus obtained graphs.
The segmentation algorithm of [38], [39] typically prodsdeees with approximatelyvj = 30
to jVj = 100 nodes, for the image database described in Sec. Vll.sLé¢note the average
number of adjacent sibling nodes under a visited parentn,Tthee complexity of transforming
a given tree into a graph by applyimgergeoperations igO(2%jVj). Note thats is considerably
smaller than the average total number of a node's childrgpically, we haveO s 4.

Once the transitive closures on the two DAGs with approxatyé2%jVj nodes are constructed,
our next step is to solve fa5jVj 25V maximum weighted clique problems. The replicator
dynamics algorithm of [10], [28], [34] that we use convergesuch problems after only a few
iterations. Each iteration involve®(jGj?) multiplications,jGj being the total number of nodes
in a graph whose maximum clique is computed [10]. Thus, cerigyl of the second step is
O(16%Vij%h.

Overall, computational complexity of our approachQ¢16%Vj*), which typically amounts
to O(10'° computations, performed in less than 20 seconds on a 2.836R,RAM PC for
all pairs of images in the database presented in Sec. VIk d@ibes not include the processing
time of the segmentation algorithm. Compared to Torselld Hancock's approach [27], [28],
ours increases computational complex@y16®) times. This increase is justi ed by signi cant

improvements in matching performance as reported in Sdc. VI

VI. SPECIFICATION OFEDIT-COSTS

The problem of de ning the optimal edit-costs has receivexhsiderable attention in the
literature (see, e.g., [42] for a review). In this paper, tosts of node removal and matching,
w,, andm,,,,, are specied as a function of intrinsic geometric and plnoétric properties of
the image regions, represented by noslesand v,. Requirements of a particular application
inform the selection of optimal region properties. Belove present one of many possible sets
of region properties, which we use for de ning the edit-cost
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Let , and 2 denote the mean and variance of the gray-level pixel valnesegmented
regionv. Also, leta, denotev's area, whose centroid is located at image coordinétesy, ).
To describe the boundary shapewfwe parse the image intio=40 pie slices, each of which
begins at(xy;yy), and subtends the the same angleL . Next, we compute the normalized
histogramh,(l), | = 1:::L, of the number of pixels of regiom that fall in pie slicel. The
histogram is made rotation invariant, with respect to rotegt by angles that are integer multiples
of 2 =L , by assignind = 1 to the slice having the largest histogram value. In casesbemption
of rotation invariance is invalid, or rotation invariancetmrequired, label = 1 is assigned to
the slice containing the image's “x” axis. The entropy of lsumrmalized histogram is de ned
as

e, b hu(Dloghu() ©)

For a suf ciently high value ofL (L > 20), the matching algorithm is not sensitive to changes
in L values. Note that rotation invariance might be violated gy presence of noise in cases

where the two largest slices are of similar sizes. Therefaraddition to the shape histograms,

we alternatively use four of the well known shape af ne momiemariants [43], denoted ds,

I5, 13, andl4, and given by

| = 20 0 2. [, = 2y 5 630 21 12 03*4 30 +4 03 543 2 2,
1=z -, l2a—= 0 )
00 00
| A= 2002003 %) 1(30 038 12 21)* 02( 12 30 3).
3= 7 )
00 (7)
[4=(3% 23 62 6 2 +9 2) 02 %+12 5 2 +6 18
4= (3 63 65 11 12 03 6 5 02 21 03+9 3 02 1 20 f1 12 03+6 20 11 02 03 30 20 11 02 21 12

83 3003 620 2 30 12¥9 20 3 5+12 2 02 30 12 611 & 03 2+ & 2)=( &)

where the shape moments,, are computed asq , P  XPYIF (x;y), and wherex andy
are the image coordinates, aRdx;y) = 1 if pixel at location(x;y) belongs to the region, and
F(x;y) = 0 otherwise. The four shape af ne moment invariants of regioare grouped in a
vectorl, =[11;12;13;14].

The vector of intrinsic properties of region , comprises the following components:
vE0 v Sanxe s he e (8)

Together, the intrinsic region properties are used to cdenfhe cost of removing node w,,

as . . . .
v iz

wy ,
v max( v; o) max( 2; 2)

1) %+Hv ; 9)
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whereu is the parent of/, and 2 [0; 1] represents the signi cance given to region photometric
properties relative to geometric properties.
The cost of matching shape histograms and h,, of regionsv; andv, is specied as the

2 test statistic:
1% (h, () h,(1)?

, : 10
ViVv2 L ) th(|)+ hvz(l) ( )
Then, the cost of matching two nodesandv,, my,,,, is de ned as
(v v)? Gy Ay,
My, , —S———+1 )= i+ ; (11)
V1V2 31 + 32 aUl auz ViV2

whereu; andu, are the parents of; andv,, respectively, and 2 [0; 1] is a desired weight of
the photometric properties relative to geometric properti

Alternatively, when the af ne moment invariants are usedadpresent region boundary shape
then the termH, in (9) is replaced withjl \jj1 = [1(v) + 12(V) + I3(V) + 14(v), and the term

viv, N (11) is replaced withjl v, | i1 = jla(ve)  Ta(v2)j + jla(ve)  T2(v2)j + jls(ve)
l3(V2)j + jla(ve)  1a(V2)j.

From (9) and (11), for any pair of nodes andv,, expressionw,,+w,, m,,,,] may not
be positive. Recall that to computy we discard pairgv;;Vv,) whose cost of node matching
is larger than the sum of their removal costs, i.e, we ugg+w,, my,,]+ in (3). From our
experiments, such node pairs make less than one percené ¢btdd number of node pairs to
be matched.

VIl. EXPERIMENTS

Given two images, the proposed region-based image matempgpach identi es regions in
image 1 and their matches in image 2 such that each matchectepegsents the largest regions
having the maximum similarity in low-level properties givby (8). For experimental validation
we choose a setting in which the goal is to match images in as#gaining similar objects. To
this end, we use a carefully prepared database consistifi@lafiatural-scene images with similar
objects, including owers, animals, musical instrumental duildings. Similar objects occupy
similar subimages, which may differ to a certain degreewlevel properties of their constituent
regions, such as color, size, and shape across the datdlbese. variations in low-level region

properties, which should be tolerated by the matching &lyor arise from: (1) differences
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among target objects (e.g., black and brown horses whoseafggear in slightly different poses);
(2) different imaging conditions (e.g., images are camtuwader different lighting conditions,
and similar objects are viewed at different scales, or fraffer@nt viewpoints); and (3) a certain
degree of occlusion and clutter unavoidable in natural ssen

The database is publicly available f#tp://vision.ai.uiuc.edu . There are 30 dis-
tinct types of objects appearing in the database images.tyjjes of objects include owers,
animals, musical instruments, and buildings. The datalmskvided into three datasets with
respect to the scene complexity. Dataset | consists of ima&geh of which shows a single
object well contrasted from a homogeneous background, ack &rget object appears in only
10 images. One sample pair from the set of 10 images for eatheoB0 objects in Dataset |
is shown in Fig. 4. The objects are labeled by their positiorFig. 4 in a raster scan. For
example,snail is the 7" object. Dataset Il contains only the rst 20 objects of Datak i.e.,
owers, animals, and musical instruments. Again, there Hdamages per object in Dataset Il,
examples of which are shown in Figs. 7 and 8. As can be seems&all is more complex
than Dataset | in that the images are captured under great&tion in lighting conditions,
the background contains clutter, and the objects are viewetifferent scales or from different
viewpoints. Finally, the 20 objects of Dataset Il also appgeaDataset I, with 10 images per
object. However, Dataset Il increases the complexity @vataset Il as each image may contain
multiple occurrences of similar target objects, as showhRigs. 9-11.

We report the results of two types of experiments. The rgtetyconcerns matching of all
possible pairs of images containing a target object, in @ispdataset. Matching performance
is evaluated through the pixel- and region-matching erfdng ground truth for evaluating these
errors is obtained by hand-labeling regions comprisindhéodbjects of interest in given images.
Given two images, let G denote the total ground-truth aretafet objects in the images, and
let M denote the total area of all matched regions in the twages. Then, the pixel-matching
error, g,, is computed as the XOR of G and M, expressed as a percentatpe ohion of G
and M,e, , [(G[ M)n(G \ M)=SG [ M). Note that in Dataset Ill any two images
may contain a different total number of target objects. &itie image with fewer target objects
constrains possible matches, the ground-truth area in inmtiges should be labeled so as to
include the maximum possible number of matches. The regiatching error is computed as

the total number of matched node pairs that do not correspotiek same part of the target object
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Fig. 4. One sample pair of the 10 images for each of the 30 thjedDataset |. The objects are labeled by their position in
a raster scan. For example, the statue of liberty is2?¥ object.

in the two images, expressed as a percentage of the totaleruohlmatched node pairs. The
evaluation of region-matching error is done by inspectiaghematched node pair, and visually
comparing the object parts associated with the two nodes pitel- and region-matching errors
are averaged over all possible pairs of images containiagéime target object within a speci c
dataset.

In the second type of experiments, we assess the abilityeoptbposed approach to separate
images containing different target objects from those shgveimilar ones. This is done by
clustering images with respect to the quality of their matehere ideally each cluster should
consists of only those images that contain a specic targgéect. Image tree clustering is

conducted by using the normalized cuts algorithm [44] witHistance between two tree§;

2Matching is evaluated on images showing objects of the sgpee but our approach does not prevent matching images that

contain different objects (e.g., roosters and hens).

July 17, 2007 DRAFT



24

andT,, de ned as [45]
W(Ty; T2) |

4] Vlej Vsz '

wherejVrj denotes the number of nodes in tlegW (Ty; T,) is the maximum similarity measure

dTy;T2), 1 (12)

betweenT; and T, given by (3). To show that(Ty; T,) is positive, suppos§Vr,jj Vr,j,
then from (3) and (9), the upper limit oV (Ty; T,) is given by W(Ty; Ty) P vavr, (w, +

Wi (v)) 4jVr,j, from which we havel(T; T;) 0. The normalized cuts algorithm considers both
the total dissimilarity between the different clusters,vesl as the total similarity within the
clusters with respect td(Ty; T,) [44].

Each cluster is labeled according to a majority vote overldéihels of target objects present
in the cluster. An image in a cluster that shows objects witlifierent label from that of the
cluster is declared a clustering error. The average ciagterror is computed as the total number
of clustering errors, expressed as a percentage of thertotaber of images. In addition, we
compute the confusion matrices of each dataset.

In both types of experiments, we compare our approach wighfoiowing tree-matching
methods. The rst method is Torsello and Hancock's editatise matching by using transitive
closures on trees [28]. In their formulation merging andtspy of nodes is not considered, and,
hence, we refer to this method @me-to-oneThe second approach is the work of Pelillo and his
collaborators [34], in which many-to-many node correspugs are considered by introducing
the notion of -morphism. This method is a representative of those appesam which the
merging of nodes is controlled by thresholding a measureheir tmatch, and, therefore, we
refer to it asThresholding In our implementation offhresholdingwe set =0 : 0:02 : Q1,
and allow merging of all those nodesandv in a given tree, along a unique directed path,
whose cost of matchingn(u; v), given by (11), is less than The third approach concerns the
work of Keselman et. al [29], which is a representative of gheup of algorithms that achieve
many-to-many matching by embedding graphs into a low-dsiweral vector space. Therefore,
we refer to this algorithm a&mbedding In our implementation oEmbedding each vector
representing node in the original tree is associated with weighy, given by (9). Note that
Embeddingwvas originally designed to match only entire images (ea. irhage retrieval), and
may not be appropriate for matching their parts. Speciycdmbeddinguses the Earth Mover's

Distance algorithm to match several vectors obtained from tee (which may not represent
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contiguous image parts) to a single vector obtained fronthemdree, or vice versa. We will
denote the quality of matching between two such vecteysand v,, as W (vy;V,), in order

to have a consistent notation for all the algorithms consideFinally, the fourth matching
approach concerns the brute-force variant of ours, whemgingeand splitting of nodes is not
constrained but includes all sibling nodes. As in our apgno@he mergers augment the initial
trees, which in this case leads to an exponential increasenplexity. We refer to this method

as Brute-force

A. First Type of Experiments: Image Matching

The image-matching experiment consists of the followirepst First, images are processed
by the multiscale segmentation algorithm [38], which ditexdl regions in an image, and then
represents their recursive containment structure as a Eaeh node in the tree represents a
region, with its children corresponding to the subregionatained within the parent region.
Each node also stores a list of region's properties as dgsig., those concerning gray level,
area, shape and size. Next, all possible pairs of image, ffeendT,, showing the same target
object are matched. For each pair of nolesv,) 2 T, T, the similarity measur&V (vq; Vv,),
given by (4), is computed. Then, the pair that has the maxinsumlarity measuréV ™ is
determined, as well as the standard deviatioMtf) values with respect toV™®, denoted as

¢ . All the node pairqvy; Vo) for which W(vy;vp,) W™ ¢ are selected as the solution,
i.e., the matched image regions in the two images.

Note that the optimal choice of thresholdWf(v,; v,) values is dictated by the requirements of
a particular application (e.g., supervised vs. unsupedvéettings, availability of cross-validation
data, etc.), and could be a challenging research topic cowits The aforementioned heuristic
threshold appears reasonable for our experiments due toltbeing reasons. We hypothesize
that W (vy; v2) values of node pairév;; v,) representing the background are much smaller than
the W (vy;Vv,) values of node pairs representing the target object. Intiaddliit is desirable
to select more than one node pair as maximally matching imragmns, since two images
may contain several occurrences of the target object. Iregperiments, the proposed heuristic
threshold of one standard deviation from the maximum shitylaneasure yields good results.

Figs. 5-10 illustrate our matching results on Datasets kandl Ill. Each gure shows only a

subset of the matched image regions, marked white. For theriexents presented in Figs. 5-9,
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(a) two original images (b) the result of matching the two images in (a)
Fig. 5. Matching in Dataset I: the tree representing leftgmas matched to the tree representing right image; left apd t

corresponding right white regions illustrate the matchedes whose quality of match is above the speci ed threshaddcan
be seen, some corresponding parts of the building in the iwamés are signi cantly different due to capturing the scender

different imaging conditions, and therefore their quatifymatch is below the threshold.

@ (b) (©

Fig. 6. Examples of tree matching in Dataset I: the tree mpring left image is matched to the tree representing inigage;
a few examples of the matched nodes are given for each exgmri(a), (b), and (c); left and the corresponding right white

regions illustrate the matched nodes.

(a) (b)

Fig. 7. Examples of tree matching in Dataset Il: see captarFfg. 6.

@ (b)

Fig. 8. Examples of tree matching in Dataset Il: see captarFfg. 6.
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(@) (b)
Fig. 9. Examples of tree matching in Dataset Ill: see captiwnrFig. 6.

@) (b) (©

Fig. 10. Examples of tree matching in Dataset Ill, where sbagre represented by the four af ne moment invariants: see

caption for Fig. 6.

the edit-costs are computed as speci ed by (9) and (11), emdat invariant to scale. The results
shown in Fig. 10 are obtained for region boundary shape&septed by the four af ne moment
invariants, which are scale invariant. As can be seen in thaes, the number of unmatched
pixels belonging to the target object is small. Also, notat tthe matched nodes in most cases
do correspond to the same object parts in the two images.

The results shown in Fig. 11 allow us to point out the main abi@ristics of the competing
algorithms. The result ofhresholding shown in Fig. 11c, is the best for= 0:06 over the
range =0 :0:02: Q1. Ours, shown in Fig. 11f, is obtained for= 0:5 and with the scale-
invariant region shape representation. Regions market\areall the matched regions for which
W(vy;vp) WM ¢ Note that among the matched regions are those represermtarget

objects (e.g., grass patches), which are not counted toemod, according to the de nitions
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(a) Two images from Dataset Il

(b) Brute-force (c) Thresholding[34]

(d) Embedding[29] (e) One-to-on€e28]

(f) Ours
Fig. 11. Comparison of different matching approaches; Treeepresenting left image is matched to tieerepresenting right

image; left and the corresponding right white regions fHate all selected matched node paiss;Vv2), v1 2 T1, andv, 2 To,
for which W (vy;v2) W™ ¢,

of pixel- and region-matching errors. TypicallPne-to-one ThresholdingandEmbeddingyield
matched regions with many “holes” in them, which represemhatched, recursively embedded
image subregions. Further, for all the algorithms on Dathet may happen that different parts
of one target object in image 1 are matched with parts of sévarget objects in image 2. For
example, in Fig. 11e, the body and head of the left rhino inriglt image matched the body
of the leftmost rhino and the head of the middle rhino in tHeiteage, respectively. This does
not in uence the region-matching error, as long as the nedctegions represent semantically

the same parts of the target objects.
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The quantitative comparison is shown in Fig. 12. The plofsate¢he average pixel- and region-
matching errors over Datasets |, Il, and IIl. Note that the emtries in the legend, referred to as
our approach, differ in region shape representation, asigs®d in Sec. VI. The matching errors
presented foThresholding[34] are the best results found over the range ohlues, obtained
for = 0:04 0:06, 0:06 on Datasets I, Il, and lll, respectively. The resultsTdfresholding
are very sensitive to the choice of the threshold. The resafltour approach are obtained for

= 0:5. From Fig. 12, our approach signi cantly outperforms thengeting methods with
respect to the both matching errors. For example, the aggua@l- and region-matching errors
of our approach on Dataset | are 9.2% and 14.3%, respectivlile the corresponding errors
of the second besthresholdingare 17.8% and 25.2%. When the scale invariant region shape
representation is used, our approach yields improvemani@atasets Il and Ill, as compared
to when the histogram shape representation is used: 14.40da5% vs. 16.3% and 19.1%
pixel-matching errors on Datasets Il and lll, respectively

Brute-forceexhibits the worst performance on all three datasets, ebect to both matching
errors, despite the extra redundancy present due to mdvgerg the power sets d@ll sibling
nodes. Our analysis of the nodes that got matched by thisadettlicates thaBrute-forceis
biased towards matching larger merger nodes. The largenuheer of source nodes forming
a merger, the more likely it is for that merger to get matched.

The results presented in Fig. 13 demonstrate the impactfiefeint values on the perfor-
mance of our algorithm. For small values,0 < 0:5, the region geometric properties are
a dominant factor in computing/, given by (3). Conversely, for large values,0:5 < 1,
the photometric properties become more important in comgWw . From Fig. 13, the optimal

value for all three datasets, for which the pixel- and regimatching errors are minimum, is

= 0:5. While these are average results, the experiments showhhaiptimal value is very
close to0:5 for each of the 30 target objects, too. That is, the strategiyuses equally weighted
geometric and photometric properties as cues for matchingeoforms the method that uses
either of the properties. This observation is supporteddpheof Datasets I, I, and IIl.

Table | details the average processing time it takes ourrighgo and the competing ones
to match two images in Datasets I, Il, and Ill. It is worth mgtithat the code foOne-to-
ong Thresholding and Embeddingis not publicly available, and that our implementation of

these algorithms may not yield optimal execution times. E\av, since our algorithm shares
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@ (b)

Fig. 12. Comparison of the average matching errors of sig-mnatching approaches on Datasets |, Il, and Ill: (a) pixel-
matching error, (b) region-matching error. The results af approach are obtained for= 0:5, while those ofThresholding

for =0:04; 0:06; 0:06 for Datasets I, I, and Ill, respectively.

Pixel-Matching Error Region-Matching Error
-=—Dataset | 05 -=—Dataset | ||
0.35f - Dataset Il |1 ' - Dataset I
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(@) (b)
Fig. 13. Average (a) pixel-matching error, and (b) regioatching error for Datasets |, Il, and Il over a range ofalues.

a number of steps witl®ne-to-oneand Thresholding(e.g., replicator dynamics algorithm), the
comparison with these two algorithms is suf ciently faihd& code folEmbeddings implemented

in MATLAB, while the code for the other three approaches iplemented in C, and run on a
2.8GHz 2GB RAM PC. The presented times do not include mualesanage segmentation/tree
generation. The increase in processing time from Datasetlll is due to the increase in the

size of maximum clique problems to be solved for images watresal occurrences of the target
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TABLE |

AVERAGE PROCESSINGTIME OF MATCHING TWO IMAGES

Ours | One-to-one| Thresholding| Embedding
=0:04
Dataset | | 15.4s 8.3s 7.9s
Dataset Il | 16.9s 9.2s 8.8s < b5s
Dataset Ill | 18.4s 13.7s 12.8s

object. Embeddinghas the best runtime, whilehresholdingis the second best, as expected, by

reducing the number of nodes in the original tree viaode merging.

B. Second Type of Experiments: Image Clustering

The experimental set-up for image clustering is similarhat tof image matching, described
in Sec. VII-A. After segmenting the images and nding theied representations, all the trees
within a speci ¢ dataset are clustered by using the nornadlieuts algorithm [44], with respect
to the distance metric, given by (12).

Fig. 14 shows the clustering error of the competing algorgland ours. The clustering errors
of our approach for = 0:5 with the scale invariant region shape representation ar2%22
22.7%, and 27.4% on Datasets |, I, and Ill, respectivelye $acond best methodTéiresholding
[34] with clustering errors of 24.4%, 27.1%, and 35.6% afedi for = 0:02 0:04; 0:06
on Datasets I, Il, and Ill, respectivelBrute-force has the worst performance. The results
presented in Fig. 14b, show that the best performance of pproach is again obtained for
equal contributions of photometric and geometric propsrtoW, i.e., when =0:5.

Finally, Fig. 15 presents two confusion matrices on Datasetnd Ill, respectively, for our
approach with the scale invariant region shape represent@hd = 0:5. Rows of the confusion
matrices indicate the labels of target objects, and colurepsesent the cluster labels. From
Fig. 15, the most confused objects have laldend 2, and4 and5, the appearances of which

are also dif cult to correctly classify for a human (see H.

VIIl. CONCLUSION
Image matching is of special interest to a wide range of cdasrpusion problems, from

stereo matching to object categorization. While most suonkwises point or edge features,
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Clustering Error

0.5 ‘ ‘ ‘ ‘
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Fig. 14. (a) Comparison of the clustering errors of ve tmaatching approaches on Datasets I, Il, and lII; the resilsuo
approach are obtained for= 0:5, while those ofThresholdingfor = 0:02; 0:04; 0:06 for Datasets I, Il, and Ill, respectively.
(b) The average clustering error of our approach with théesicwariant shape representation for Datasets I, Il, ahdvér a
range of values.

(@) (b)

Fig. 15. Clustering using our approach with the scale imrdrshape representation for= 0:5: (a) Confusion matrix of 30
object categories in Dataset |; (b) Confusion matrix of 2@ecbcategories in Dataset Ill. Object categories are enai@e as
explained in the caption of Fig. 4. Rows of the confusion irdtrdicate object category, and columns represent clastEne

shade of matrix entrie§i;j ) indicates the number of images from categoriyn clusterj, where this number ranges froth

(white) to 10 (black).
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there are also approaches that use regions for image matdrie motivation behind the work
reported in this paper is that the use of hierarchical regrmperties should signi cantly extend
the robustness of image matching to noise.

One of the main dif culties in region matching is that lowsdoast contiguous regions may
easily merge into a large, less homogeneous region, ancetteese may happen when a large
region splits into several smaller, more homogeneous nsgibhese phenomena occur when the
images showing the same scene are captured under diffégbting conditions, or when the
scene is viewed at different scales or from varying viewjmiim this paper, we have proposed
an algorithm that addresses these problems.

Images are represented as trees whose nodes correspogdensed image regions at various
scales, obtained by a multiscale segmentation algorithnthé segmentation tree, large regions
appear at upper tree levels closer to the root, while theldi@n nodes capture smaller details
completely contained within the corresponding parentaegiThe two trees are augmented
with new nodes, called mergers, which represent the powsrasecontiguous regions that are
embedded in the same parent region. This transforms the tnte directed acyclic graphs
(DAGSs) that preserve connectivity and ancestor-descenegations of nodes in the original
trees. Then, transitive closures on the DAGs are constitustbereby ascendant-descendant
relationships in the DAGs are transformed into parenteclmbde connections. Thus, image
matching is formulated as a search for the maximum subtoeeagphism between the transitive
closures of DAGs. This search is constrained, because eeehted merger node must be
disallowed to match if its source nodes got matched, and titaireed maximum similarity
common subtree must respect ascendant-descendantnghagie of the initial trees.

The proposed approach is validated on three datasets,@emtiticing a higher degree of scene
complexity. Experimental results of image matching andstelting are reported. In addition,
the performance of our approach is contrasted to that of dmepeting methods, which (1)
threshold possible node merges, (2) embed the trees inta-d@litoensional vector space, and
there specify many-to-many matching, (3) do not considéttisgg/merging of nodes, and (4)
allow for all possible merges of children nodes under a@tsfarent. Selection of optimal region
properties for image matching is discussed. It is shown t&tmatching strategy with equally
weighted region photometric and geometric properties arfitpms those strategies where either

photometric properties or geometric properties are faliofiéhe results demonstrate that our
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approach outperforms the conventional methods with resjpesuitably de ned pixel, region

and clustering errors, at a price of a reasonably increasetplexity. Contrary to intuition, the

brute-force method, where all sibling nodes of the origine¢s are allowed to merge, introducing

exponential complexity, yields the worst performance.
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