University of Wollongong

Research Online

Faculty of Engineering and Information Faculty of Engineering and Information
Sciences - Papers: Part A Sciences
1-1-2015

Density maximization for improving graph matching with its applications

Chao Wang
University of Wollongong, chaow@uow.edu.au

Lei Wang
University of Wollongong, leiw@uow.edu.au

Lingqgiao Liu
University of Adelaide

Follow this and additional works at: https://ro.uow.edu.au/eispapers

0 Part of the Engineering Commons, and the Science and Technology Studies Commons

Research Online is the open access institutional repository for the University of Wollongong. For further information
contact the UOW Library: research-pubs@uow.edu.au


https://ro.uow.edu.au/
https://ro.uow.edu.au/eispapers
https://ro.uow.edu.au/eispapers
https://ro.uow.edu.au/eis
https://ro.uow.edu.au/eis
https://ro.uow.edu.au/eispapers?utm_source=ro.uow.edu.au%2Feispapers%2F3594&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/217?utm_source=ro.uow.edu.au%2Feispapers%2F3594&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/435?utm_source=ro.uow.edu.au%2Feispapers%2F3594&utm_medium=PDF&utm_campaign=PDFCoverPages

Density maximization for improving graph matching with its applications

Abstract

Graph matching has been widely used in both image processing and computer vision domain due to its
powerful performance for structural pattern representation. However, it poses three challenges to image
sparse feature matching: 1) the combinatorial nature limits the size of the possible matches; 2) it is
sensitive to outliers because its objective function prefers more matches; and 3) it works poorly when
handling many-to-many object correspondences, due to its assumption of one single cluster of true
matches. In this paper, we address these challenges with a unified framework called density
maximization (DM), which maximizes the values of a proposed graph density estimator both locally and
globally. DM leads to the integration of feature matching, outlier elimination, and cluster detection.
Experimental evaluation demonstrates that it significantly boosts the true matches and enables graph
matching to handle both outliers and many-to-many object correspondences. We also extend it to dense
correspondence estimation and obtain large improvement over the state-of-the-art methods. We further
demonstrate the usefulness of our methods using three applications: 1) instance-level image retrieval; 2)
mask transfer; and 3) image enhancement.
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Density Maximization for Improving Graph
Matching with Its Applications

Chao Wang*, Lei Wang, and Linggiao Liu

Abstract—Graph matching has been widely used in both image optimize a well-defined objective function. Among recent
processing and computer vision domain due to its powerful algorithms, the Integer Quadratic Programming (IQP) has
performance for structural pattern representation. However, it emerged as e facto formulation of graph matching [5]-[12].

poses three challenges to image sparse feature matching) (the . . L .
combinatorial nature limits the size of the possible matchsg; (2) It IQP explicitly considers both unary and pair-wise termsaphi

is sensitive to outliers because its objective function pfers more  reflect the compatibilities in feature appearance as wedbars
matches; (3) It works poorly when handling many-to-many obgct wise geometric relationships. Since IQP is NP-complete, th

correspondences, due to its assumption of one single clustef  optimal solution is virtually unachievable and approxiinas
true matches. In this paper, we address these challenges Wit 50 required. While recent approximate methods have led to

a unified framework called Density Maximization (DM) which t d th its f | d i
maximizes the values of a proposed graph density estimator remendous progress, the resuits for many real-world ismiage

both locally and globally. DM leads to the integration of feaure ~ are still far from being perfect due to several factors.
matching, outlier elimination and cluster detection. Exp&imental Aside from its NP-complete nature, IQP owns several

evaluation demonstrates that it significantly boosts the tme |imjtations some of which might not have been explicitly
matches and enables graph matching to handle both outliers pointed out before. Firstly, the combinatorial nature g

and many-to-many object correspondences. We also extendti . . L L.
dense correspondence estimation and obtain large improveznt matching makes computation of the full affinity matrix in IQP

over the state-of-the-art methods. We further demonstratethe ~intractable for large graphs [13]. Secondly, due to the non-
usefulness of our methods by using three applications: inahce- negative property of the edge attributes, the objectivetion
level image retrieval, mask transfer and image enhancement  of |QP prefers more matches even if they are outliers. Last
Index Terms—Graph Matching, Sparse Feature Matching, p, 1 not least, IQP assumes that each graph contains only one
Dense Correspondence, Image retrieval, Mask Transfer, Imge lust f nod | I- I h . .
Erhancement. cluster of nodes. In real-world cases, however, image pains
have a large number of sparse features, significant clotigr,
tiple objects, and even many-to-many object corresporetenc
Therefore, graph matching poses three challenges to SHM: (1
| INTRODUCTION its gornbinatqrjal nature .Iimits thg size of the possibleahas;
: (2) it is sensitive to outliers; (3) it works poorly for marg-
Sparse feature matching (SFM) is a fundamental probquhny object correspondences.
for a wide range of applications in both image processingTo address the first challenge, most methods establish
and computer vision domain, such as image retrieval, objegk set of candidate matches by using unary descriptors of
recognition, 3D reconstruction, and motion estimation [ldiscriminative features, such as SIFT [14], at a relatively
[2]. Since the image sparse feature sets for matching hay@ cost. Then only a small number of candidate matches
meaningful internal structure, they are often considesetv@ are utilized to build an initial graph. Their results mighe b
separate graphs, but not simply as point sets. As a resylisatisfactory due to the loss of useful information hidden
SFM can be modeled as graph matching in which graph the full matching space [13]. Cho et al. [13] proposed
nodes represent features extracted from each image whjleyrogressive framework to update candidate matches based
graph edges represent relationships between featurephGrgn pair-wise geometric relationships between new matches
matching finds a mapping between the two feature sets fid the current graph matching result. It greatly boosts the
minimizing the distortion of the two graphs. Compared tgpjective function value of IQP. However, it tends to intnoe
the parametric models (e.g. Thin-Plate Spline [3]) and thgany outliers because the current graph matching resutitmig
methods with geometric constraints (e.g. RANSAC [4] witlhe noisy. Furthermore, its computational complexity ishhig
affine transformation assumption), graph matching pravidgecause exploring the full matching space is required.
greater ﬂeX|b|l|ty for ObjeCt modeling and is more robust to To address the second Cha”enge, some popu'ar attempts im-
large non-rigid transformations. pose higher-order constraints (e.g. projective invagduit5]—
There have been a myriad of algorithms proposed for grapv] on hyper graph, global constraints on all nodes [18} an
matching [1]. Those proposed before 1990s did not aim {Re |ocally affine-invariant constraints on neighboringles
Chao Wang and Lei Wang are with the School of Computer Scien&ég]' The latest work [20] adopts a max-pooling approachto e
and Software Engineering, University of Wollongong, Aalitr. Linggiao liminate outlier matches. Those methods successfully filte
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liulg83@gmail.com. This work is supported by AustraliansBarch Council they work poorly fqr many'tc_)'many object correspondences
(ARC) Linkage Grant LP0991757. due to the assumption of a single cluster of true matches.



To address both the second and the third challenges simuttarrespondences.
neously, unsupervised clustering might be the most proigisi Compared to the state-of-the-art methods, our DM has the
approach. Each cluster of matches naturally correspondsfatiowing advantages:
one object pair, and the outliers are filtered out by elimirgat (1) It addresses the three challenges of graph matching in
the clusters with small sizes [21] or authorities [22]. Cho & unified framework.
al. [21] and Zhang et al. [23] proposed two novel methods (2) It is much more robust to significant clutter.
based on agglomerative clustering. Such methods are based 3) It is more than one order of magnitude faster.
heuristic rules and therefore global optimum cannot be-guar (4) Its precision is much higher.
anteed. Other attempts perform clustering via mode-sgekin In addition to its high performance in sparse feature match-
in the graph domain. Liu et al. [24] introduced a graph shifhg, our DM can be easily extended to estimate dense corre-
algorithm to detect dense subgraphs with iterative shmmki spondences.
and expansion. Jouili et al. [25] presented a median graphTraditional dense correspondence methods for image stitch
shift which is an extension of the medoid shift based on theg [27] and stereo matching [28] only consider relatively
concept of the median graph. Both methods perform modample geometric deformations (e.g. 1D disparity for stere
seeking by shifting from one subgraph to another subgraphatching and parametric motion for image stitching). The
but not between nodes. As will be shown, such methods largetethods [29] for optical flow estimate 2D translations intbot
depend on the initialization and are prone to local minimtao C horizontal and vertical directions for each pixel. Deep¥Flo
et al. [22] proposed a node-shifting scheme based on the hig80] handles the large translations in optical flow by using
order personalized PageRank (PPR) matrix. Its iteratii@ PFhe deep network. SIFTflow [31] significantly improves the
propagation scheme tends to accumulate errors on oudieds, robustness to intra-category variations by using SIFTufeat
PPR matrix is computationally expensive to obtain. distance, and also model the geometric deformation as 2D
In this paper, we try to solve those challenges with @manslations. When complex deformations (e.g., scalinggte
unified framework—Density Maximization (DM) which isthe above methods might completely fail. The deformable
complementary to graph matching methods. We first proposspatial pyramid (DSP) [32] and PatchMatch [3] alleviatesthi
density local estimator[{ L E') which is a reliable measure forproblem by searching over a small pre-defined affine set.
the quality of matches. Our work is inspired by Lin et al. [26Plthough they can produce nice results for small defornmatjo
who observed that the geometric transformations assdciatee results might become far from being satisfying when
with neighboring true matches of a same object are smootlhe deformations are beyond the pre-defined affine set. Our
varying even for significant displacements. The basic idea method addresses this issue by building dense correspomden
DLFE is to measure the quality of a match by using onldirectly from the sparse matches obtained by our DM. Bene-
the matches from a local smooth neighborhood, in order fiting from the robustness of DM, our method is able to handle
avoid being cluttered by outliers and the matches from othgignificant transformations which are beyond the capatilit
objects. DM is then modeled as maximization of th&.F the state-of-the-art methods [33]-[35].
values both locally and globally. Our local maximization, Our dense correspondence method based on DM is similar
named Density-Ascent Shiff{AS), detects clusters of nodesto the smoothly varying affine stitching field (SVASF) model
as well as eliminates outlier§ AS is a mode-seeking method,[26] and the locally affine sparse-to-dense matching (LASM)
similar to the Shrink-and-Expansion (SAE) method [24], thmethod [31], all of which solve dense correspondence based
median graph shift (MGS) method [25], and the Authorityen sparse feature matches. SVASF solves the stitching field
shift clustering (ASC) method [22], but is much more robusiased on the noisy SIFT matches while our method solves
to background clutters than those three methods. Furthetmdhe stitching field based on much more accurate matches
our DAS is much faster than those methods because it dagstained by our DM. LASM differs from our method in three
not require iterations while those methods do. Our globaspects: (1)the features in LASM is located on a uniform
maximization, called Density-Ascent Updat® AU), refines grid while ours adopts the popular sparse features [36],[37]
the candidate matches by efficiently exploring a much larg&)LASM only addresses translations while ours addresses
matching spaceD AU is similar to the progression method ofmore complex deformations such as affine combined with
Cho et al. [13] which updates matches in a progressive wagn-rigid motions, (3)LASM explicitly detects occlusiory b
but is more than one order of magnitude faster than [13] whilssing binary classification while ours implicitly propagat
introducing much less outliers. affine transformations to occluded regions by using the SVAS
Our DM performsDAS and DAU iteratively until conver- model.
gence. At each iteration, the resultDBfAS is the starting point  Therefore, our DM can benefit a variety of applications that
of DAU. This simple scheme ensures that updating candidatarrently rely on previous sparse feature matching andedens
matches is mainly based on the true matches, thus leadamgrespondence methods. We demonstrate this with three ap-
to a high precision. Similar to the progression method [13plications: instance-level image retrieval, mask transéad
our DM is orthogonal to specific graph matching algorithmisnage enhancement.
and can be used to improve any of them. ExperimentalThis paper is the extended version of our conference paper
evaluation on extensive natural images demonstrates that [88]. The extension includes: (1) a novel scene-level dense
DM significantly increase the true matches and enables gragrrespondence method, (2) a novel object-level dense-corr
matching to better handle outliers and many-to-many objesppondence method, and (3) three novel applications.



The remainder of the paper is organized as follows: Set-hon-decreases the objective functiohiWz because every
tion Il describes the technical background, and Section khtry of W is non-negative. This means that IQP prefers to
proposes our DM. Sections IV evaluates the performanitelude the matches of all the features, even if they might be
of DM for sparse feature matching. The extension to densatliers. To alleviate this problem, many methods [5]-[9],
correspondences is given in Section V. Section VI develofkl] relax the integer constraint ansuch that its elements can
three applications of our methods, and Section VII draws tleke real values in [0,1], and then remove the matches with
final conclusions. very smallz values. However, the results still contain many

outliers.
Il. BACKGROUND Finally, IQP assumes that all the true matches compose

For clarity, we list in Table | the notations of the graphsdise? Strongly connected cluster. To detect which match should
in this paper. In this Section, we first introduce the integ&€ included in the cluster (thus taken as a true match), the

quadratic programming (IQP) formulation, and then analyZglations between the match and all the other matches are
its limitations. evaluated. The measure for the relations of the matfhv?)

can be derived by isolating from (1) the components invavin

. . (v, 0Q):
A. Graph matching formulation Lorm
Let GP = (VP, EP, AP> and GQ = (VQ, EQ, AQ> be M(l, m) = xlm( Z Wia;lmxia + Z Wlm;jbij)
two attributed graphs, wher®& denotes a set of nodeg;, i#l,a#m JELbEM
edges, and4, attributes. The objective of graph matching is @)

to find a mapping betweel” and V9, represented by a !t M(l;m) > M(l,s), 1QP prefer.s(gf’,vf%) to (vf, v?),
binary assignment matrix € {0, 1}nP><nQ with nF andn®@ where s denotes any other node iG“. So M(l,m) is the

denoting the numbers of nodes @ and G respectively. duality measure for the matcfv/”, vi2). Note thatM (I, m)

X; . = 1implies that node” € V* matches node? ¢ V<. contains the similarities betwee;”,v%¢) and all the other
Le7ta: {0 1}nan denote Ehe column-wise vecto;lized replicg]atCheS' If many-to-many object correspondences exist be-

of X, the integer quadratic programming (IQP) formulate.tgveletn (;W(I) |r;1age$_,hthetr:ruebmatchesl.toften comp;)se setvcka]ral
graph matching as isolated clusters. Then the above quality measure for reatc

become problematic because the matches in one object cor-

r" = argmax T W, (1) respondence might clutter those in others. This is the faten
o . ‘ reason that IQP-based graph matching algorithms cannet han
Sty 0 Tig < LVi, Y i < 1,Va, z € {0, 1}”P”Q dle many-to-many object correspondences. To avoid thed) ea

The two-way constraints of (1) refer to the one-to-onebject correspondence should be considered independently
matching fromG? to G¥. In sparse feature matching, the
nodes represent features extracted from each image wiile th [1l. DENSITY MAXIMIZATION (DM)
edges denote relationships between features. The presdefin
symmetric affinity matrixW encodes both the unary and Algorithm 1: Density Maximization
pairwise similarities. A diagonal entryV;,.;, represents a Input:image P and Qénumber of candidat®’g
unary similarity of a matcli?’, v9), and an off-diagonal entry OUtPut: clean graphz and an indicator’s for clusters

L LA 1 GT G « Findinitialcandidates(P,
Wiayje refers to a pairwise similarity of two matchés”, v2) 5 EGV 2) ): GraphMatching(G') (7Q)

and (vf, vf). Every entry ofi¥/ is non-negative. 3 (G9,Is) = DAS(GY,x)
4 While} .o DLE(i) increase do
U .y — T ~C
B. Analysis of IQP (GY,x) = DAU(G", G, =, Nc)

(GC,Is) = DAS(GY, x)

Aside from the NP-complete nature, IQP has several other end
limitations.

Firstly, the combinatorial nature makes the computation of In this Section, we first introduce the framework of our
W intractable [13]. A real-world image of a common sizéensity Maximization (DM), and then propose the graph
like 1000 x 1000 pixels contains more than = 1000 sparse density local estimator (DLE). Finally, we detail the two
features by using the popular affine or scale invariant detec components of DM: Density Ascent Shift (DAS) and Density
such as SIFT [14], MSER [36] and Harris Affine [37]. TheAscent Update (DAU).
number of possible matches amountita n = 10002 and this Our DM is performed on an association grapifd
results in a huge affinity matri¥’ of dimension(n x n)? = (V*9, B, A%9), similar to [5] [39] [7] [14]. To construc&G*9,
1000%. To build such a huge matrix is intractable. Most graptve need to define graph nod&$9, edgesE?®9 and attributes
matching methods reduces the number of candidate matci¢€. We take each candidate matelf’,v9) as a nodey;, €
by using unary descriptors of discriminative featureshsas V9. In the affinity matrixW, the entryW;,.;, measures the
SIFT, at a relatively low cost. Such a simple scheme oftenutual consistency between the candidate mat¢hBsv?)
removes many true matches and therefore leads to the lossuod (vf,vl?). We takeW;,.;» as the attributes;q ;5 € A%
useful information hidden in the full matching space [13]. of the edgee;q.;» € E*9. The edgee;, ;» connects node;,

Secondly, IQP prefers more matches. bftandv@ denote andwv;,. Then we have constructed the association giGfh
two noisy features which have no matching ones, seftipg= and the original graph matching problem betwégn andG®




An image pair| |Initial matches| |Graph matching DAS DAU DAS

Density Maximization

Fig. 1. Overview of our Density Maximization (DM) framewofkr improving graph matching methods. The Graph Matchinguitecontains 283 true
matches together with 315 outliers. DM improves Graph miatehvy iterating between Density-Ascent Shifd A.S) and Density-Ascent UpdateXAU).
DAS eliminates most outliers and detects four clusters of tragches.D AU boosts the number of true matches to 416 and introduces @lyu8iers.
The final stepD AS further removes 19 outliers. True matches are shown witbrdoles and outliers are shown with black lines.

TABLE |
NOTATIONS OF GRAPH
GP G% GT GV G GUY GT
The attributed graphl The attributed graph The initial graph | The valid graph| The clean graph| The updated graph} The potential graph
built on the features| built on the features| built on SIFT produced by by our DAS by our DAU built on Z SIFT
of image P of image @ matches graph matching matches

becomes a node selection problem in the grgf§i, which algorithm can be adopted as the graph matching module. So
is essentially the problem in (1) [5] [39] [7] [14]. For bréyi our DM is orthogonal to specific graph matching algorithms.
we will use a single letter to index the node Gf9 in the

following sections, e.g.p; denotes theith node andiWi;; A Density local estimator

denotes the entry dff at theith row and thejth column. Recently, graph density [24] [39] [22] has shown its po-

Algorithm 1 shows the framework of our Density Maxi-tential to identify true matches and detect strongly cotetbc
mization (DM) and Fig.1 gives the immediate result for eachode clusters in an association graph. A few attempts toelefin
step. We can see that our DM is complementary to grafiie graph density include the average kernel density of Liu e
matching methods. Given an image pair, the salient featuwrds [24], the random walk density of Cho et al. [39], and the
are firstly extracted from each image and th€p candidate personalized PageRank density of Cho et al. [22]. Now we
matches are readily established by using descriptors of thefine our density local estimataD(. F). The main difference
features at relatively low cost as [13] [16] [21Yc is a user betweenDLE and the above definitions lies in its novel local
input constant and equals 3000 in this paper. Those matckeasooth domain.
are taken as the nodes to build an initial association géaph  The intuitive of DLE is to estimate the graph density at a
We also build a much larger association gragh and will node in one object by using only the nodes within the same
detail it later. We denote the process to build béth and object. By doing so, it can avoid the clutter problem caused
GT by using functionFindinitialcandidates() as shown in by outliers and the nodes in different objects. Howeversit i
Algorithm 1. Since our goal is to improve graph matchingifficult to determine whether two nodes belong to the same
methods, one graph matching method is firstly adopted dbject. Fortunately, it has been observed that the geanetri
select nodes fronG!. Then the selected set of nodes anttansformations associated with neighboring matches amees
their edges are used to construct a new graph which is calldgject are smoothly varying even for significant displacetae
valid graph G" in this paper. Our DM improves?V by [26]. Based on this observation, we propose to approxiyatel
iterating between Density-Ascent ShifD@S) and Density- identify the nodes within a same object by using a local
Ascent Update D AU). Based orGV, DAS finds the clusters smooth neighborhoof. (i) should satisfy two criteria: (1)
of nodes as well as removes the outliers by local maximinatihocality: the neighbors are within a close proximity to nage
of the DLE values, producing a clean gragif’. Based on in Euclidean space. (2) Smoothness: the neighbors showd ha
G, DAU produces an updated graghf’ with Nc nodes similar geometric transformations and similar probaieiit
by global maximization of thé> LE values via exploring the of node selection ta);. These criteria prevent the scope of
much larger grapt&;”. At each iteration, the result dDAS neighbors from extending into outliers and the nodes in the
is the starting point ofDAU. This ensures that the updatesther objects.
of matches are mainly based on true matches. The iterationWe adopt the popular kernel density estimation method to
continues until the totaDLE value for graphG® no longer compute the graph density locally. We consider node selecti
increases. In the framework of our DM, any graph matchires a distribution and use; to denote the probability of
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Fig. 2. Graph density estimation for the true matches antiecsitfrom the image pair in Fig.1. In (a) and (h),— axis denotes the width of the target
image in Fig.1 andy — axis denotes the graph density value. (a) Withéutconstraint, theD LE' values of the true matches are mixed with those of the
nearby outliers. Red stars denote true matches and blaskdéabte outliers. (b) Witk constraint, the true matche® L E values are almost consistently
larger than those of outliers at nearby locations. (c) 3D pfaD LE values. (d) Red circles denote the features for the truelraatand black circles denote
the features for outliers. The diameters of the circles aopgrtional to theD LE values of the corresponding matches.

selecting nodev;. Suppose we sample the distributidwi( 06

N — o0) times, then the number of selectingis Nz;. The o5
graph density ab; is

. Z‘eﬂ(i) N:EJK(ZM]) .. L o3

DLE(i) = =%=4— = > wk@) @

]EQ(I) 0.2

0.4

This is called DLE in this paper.K (i,j) = W;,; implies o1
the similarity between; andv;. The only difference between 0 o =
DLFE and the classical kernel density estimation liefin Clusters

Now we define{) by using its two criteria: Locality and (a) (b)

Smoothness. The Locality indicator functidi{v;,v;) of v, Fig. 3. (a)Top 10 max total-density-percentagi{P) values. (b)The

with respect tov; is defined by using the k-nearest neighboWiusters for top 10 max TDP values. The true clusters of the @bject pairs
function kNN (-, k): (denoted with red, green, blue and cyan lines) have TDP saignificantly
larger than those of outlier clusters.

L(vi,vj) =1 if wv; € kNN(vi,k), 0 otherwise.
(4)

wherek = 50 in this paper. The Smoothnesswgfwith respect divide each element by the sum of all the elements to obtain
to v; is defined on both the geometric transformation and tl@euniform distribution. Therefore oupLE is orthogonal to a
probability of node selection. The Smoothness of geometspecific graph matching algorithm whetherare continuous
transformation between nodg and v; is defined asiV;,;. or not.
The Smoothness of probability is measured dsy(—(z; —
z;)?/0?) with a parameter = 0.2. Then(Q(i) is defined as

a e — neighbourhood B. Density Ascent Shift

Qi) ={v; € VV[®(i, j) > e} U{Uz} ®) fr\:ggtn:ﬂmtihiggnrsegIgéc‘/e?;)sg;ﬂs(cfr)nisgraph matching method
where (i, j) = L(v;, ;)W expl—(ai — 1,)%/0%) and the 1" compuabi) v € v
parametere = 10 controls the size of)(i). VV is the node 2 for each node; € GV do
set of graphGY produced by a graph matching method. DA(i) = argmax;cq(s) %ADLE(J’)
Figure 2 demonstrates the impact®@by the matches from end seawm =
the image pair in Fig.1. With the constraint f, the true 3  assign each node; to its mode by a tree traversal alodA(s),
matches'DLE values are almost consistently larger than those ~ and compute the total-density of each cluster

. : . . compute thel’D P for each cl r, and rem | rs with
of outliers at nearby locations. This means thetF is a good el uster, and remove clusters wit

quality measure for matches. 5  produce final graplG© by using the left clusters, sék (i) = m

The node selection probability can be produced by any if node v; belongs to thenth cluster
graph matching method. Many graph matching methods solve
(1) by relaxing the constraints om such that its elements As shown in Fig.1, the aim oD AS is to produce node
can take continuous values in [0,1]. Thencan be viewed clusters and eliminate outliers from valid gragff. DAS is
as the confidence that the matches are true in [7] or as thenode-seeking method and the density modes on a graph in
probability of visits by random walks in [5] [16] [39]. In this paper are defined as follows.
this paper we consider as the node selection probability. Definition 1 Density modes on a graph are local maximizers
For other graph matching methods in whichare binary, we of the DLFE values.




} . o -Algorithm 3: Density Ascent Update (D AU)
DAS performs mode-seeking along the density-ascent dllnput: potential graphT", clean graphC. and N

rection. The density-asceti? A(i) of nodew; is formulated  output: a updated grapiV

as K(i. ) 1 nz(i) + 0, dz(i) + 0, Yo, € GT
. 1] . for each nodey; € GC do
DA(i) = arg _mgx WADLE(Zd) (6) for each n]odazi € Q/(j) do
JEUD 2 jea (1] (i) + na(i) + z; K (5, 1)
K(ig) dz(i) < da(i) + K (j,9)
. . . j > d
be taken as the probability of jumping from toeq?j, and then §n<_ nz./ds

DA(3) refers to the neighboring node of with the highest 2 DLE(i) + 0, vv; € GT
expectedD LE increment. This density-ascent is the steepest  for eg)crhe’;gﬁ%gfz gcz 3 do
ascent over theDLE values w_|th_|n Q(2). Qi) prevents DLE(i)<—1DLE(i])+a:]-K(j,z‘)
shifting into irrelevant clusters. Similar to other modeeking end

methods [22], [25], [39],D AS is guaranteed to converge, as end ,
proved as follows. 3 GY + N nodes with the largest non-ze@LFE values

Theorem 1 A finite sequence of density-ascent shifts from
any node converge to a density mode.

Proof Since(2(¢) of any nodev; includes itself, theDLE
values of a sequence of shifts keep strictly increasind thwi
shifts reach a node whose density-ascent is itself. The fi
node, therefore, is the density mode, and the length of t

sequence i$VV| at most, with|V'V'| denoting the number of 1V denoting the node number 6. SinceGC ¢ G, this

nodes inGV . L9
. . . lobal maximization scheme ensures thedU non-decreases
For each node, we compute its density-ascent just onge.

. . IDLE value.
Then the successive density-ascent for any node alreasigexi € lota aue

- T
The trajectory of nodes sharing a common density mode buiIdsT0 compute the) L' value for each node; in G, we need

a tree, and leads to a natural cluster. Then the cluster hibefo ide_ntify (i) fi_r_stly according to (3). Howeve_r, the node
all nodes associated with each disjoint tree can be assigne election probability; produced by graph matching methods

. . . c
a single tree traversal, similar to the medoid shift [40]. might be unavailable if; does not belong td™. For an

We define the total-density of each cluster as the sum of tHl'e'IkI"IOWﬂl‘i, we estimate it by .
DLF values of its members, and the total-density-percentage o Zjeﬂ’(i) z; K (i, j)
(I'DP) of each cluster as the ratio between its total-density Y= S oy K@i, 5)

. JEQ (4) ’
value and the sum of the total-density values of all the ehsst L . . -
It has been observed in [21] [24] [39] that the outlier cIusteWh'Ch is a weighted average of the selection probabilities o

usually have very small total-density values based on th&ioc@l smooth neighborhodd'(i). {'() is similar to ©2(:)
graph density definitions. We find that this observation alQyit does not consider the Smoothness of probability since
hold for ourDLE. We test it on three popular benchmark dati Unknown. HOW?V,em_jJ’ for j € (i) might be unavailable.
sets [21] [41] [42] and find no failure example. Based on thide observe thaf'(i) is nearly symmetric for true matches.
observation, we can USEDP to detect and eliminate outlier 07 €xample, by investigating the nodes for true matches in

clusters since they often have much 858 P values than the 19-1 we find that ifj € €2'(¢) the probability fori € €'(j) is
clusters of true matches. Figure 3 shows the top 10 gy 200Ve90%. Therefore (7) can be approximately rewritten as
values of the match clusters of the image pair in Fig.1. THé = ”I(Z.)/d_x(l) = Yiea(j) IJKU’Z)/ Dieqr () K (5.
four clusters of true matches haZeD P values significantly The contribution of each node; in G to the numerator
larger than those of the outlier clusters. Therefore théiesat 7#(é) IS z; K (j, 1), and that to the denominatdr.(i) is K(j, i)
can be easily eliminated by using a small threshdtst 7DP. if @ € €'(j). Therefore allz; can be now estimated very
Algorithm 2 gives the details about oupAS method. The efficiently by traversing the nodes 61"
output of DAS is a set of match clusters which compose the SincefY' (i) is nearly symmetric(i) is also nearly symmet-
clean graphGC with a node set/©. ric beca_useexp(—(a:i —x;)%/0?) is symmetric. Then (3) can
Our DAS is more robust than other clustering methodd€ rewritten asDLE(i) = 3 ;cq;) «;K(j,i) which means
because of three reasons: 1) it is based on/@nE which is that the contribution of each node; in G to DLE(i)
a robust measure for the quality of matches, 2) it is a modé- #; K (j,7). Therefore all DLE(q) for graph G* can be

seeking method which imposes no constraints on deformati@fficiently calculated by traversing the nodes#f. Our DAU
ShapeS, and 3) itis guaranteed to converge. select theVo nodes with the Iargest Non-zefoL E values to

construct the updated gragh’. Our D AU guarantees one-to-
) one correspondences. For all the one-to-many matches which
C. Density Ascent Update share a common featur®AU only retains the one which has
Given the clean grapi® produced by ouD AS, the aim of the largest DLE value. Algorithm 3 gives the details about ou
our DAU is to updateG“ by increasing the totaDLE value. DAU method.
To achieve thisD AU explores the potential grapghi” which The potential graplé;” is constructed using’ matches for

containsG“ but is much largerG” covers most true matches
and will be detailed laterDAU firstly evaluates theDLFE
r\]/givllues of the nodes i6""', and then select th&- nodes with
H:légestDLE values to construct the updated graph. N¢ is
a user input constant and generally we haie > ||V with

()



each feature based on the SIFT similarity. We test on theemal
pairs in the intra-class dataset [21], and find tbdt covers =9
more than90% true matches whet = 40. This suggests &
that exploring the whole matching space like Cho et al. [1

might be unnecessary. Then the number of candidate matc }
is significantly reduced from about x n = 10002 to only |
40n = 40000. }

(a) GP " (b) DAU (c) GPTDAS  (d) GP+DAS

D. Analysis of time complexity

As shown in Algorithm 1, our DM includes four build- Fig. 4. (a)The result by the graph progression (GP) [13] dasethe graph
ing blocks: the functionFindinitialcandidates, a graph TeciRg esil Pk OFUE Sl ot b on e gen
matching method and oubP AU and DAS. For each image qyier clusters are denoted by yellow and magenta lingghresult by our
feature, Findinitialcandidates finds its nearest neighbourDAU together with ourDAS. There is no outlier clusters.
to build G', and Z nearest neighbors to build:”. Us-
ing the approximate nearest neighbour (ANN) search, t
computational complexity of'indinitialcandidates reaches
O(Zn" log(Zn®)). The computational complexity of cur-
rent graph matching methods ranges franin” x n?) to
O(JVV|*). We adopt the RRWM [5] of which the computa-
tional complexity is onlyO(n* x n®).

By using the ANN search, the computational comple
ity of DAU is O(k|VY|log(Zn?)) with |VV| denoting
the node number ofGY, n” denoting the node num-
ber of graphG? (i.e., the feature number of one image)
and £ = 50. As far as we know, the only work simi-
lar to DAU is the progression method [13] whose comEig: 5. (2)A image pair. (b)The result by SAE [24]. (c)Theuiedy (ACC)

. Lo v P . [21]. (d)The result by outDAS. True matches are shown with green lines
putational complexity iSO (k1ka|V'" |log(n”) log(n?)) with and outliers are shown with black lines.
ki = 25 and ks = 5. DAU is more than one order of
magnitude faster than the progression method [13] because
k1kalog(n?)log(n®)/klog(Zn’) > 10 for general cases image pairs with large transformations and intra-class- var
with n* > 1000 andn® > 1000. The main difference is that ation. ETHZ toys dataset includes nine different rigid/non
DAU explores the potential grapi” while the progression rigid objects together with the test images of significant
method searches the whole matching space based'on clutter. Co-recognition dataset contains six image paits w
SinceG” covers most true matches, exploring odly does complex many-to-many object correspondences. The ground
not degrade the performance. On the other hand, this schemigh feature correpondences are manually constructesbicin
successfully avoids many outliers in the whole matchingepaimage pairs to enable quantitatively evaluation. We use the
as will be shown in the experiments. MSER [36] and the Harris affine [37] detectors with the SIFT

The computational complexity of DAS is descriptor [14], and seVs = 3000. Our testing environment
O(k|VV|log|VV|), more than one order of magnitudes MS Windows 7 Professional with Intel Core i5-3550 CPU
faster than most mode-seeking methods. The high efficiendgydGHz, 16GB RAM.
benefits from its non-iteration scheme. More importantithb ~ We first compare our DM with the related work and then
DAU and DAS are much faster than most graph matchinghow the improvement by our DM on several state-of-the-art
methods [5]-[11], indicating that we can improve grapfraph matching methods.
matching without introducing too much computational cost.

A. Our DM vs related work

IV. SPARSE FEATURE MATCHING AND EVALUATION Our DM contains novel approaches to both updating match-

In this section, we use our DM to solve sparse featuss, i.e.DAU, and clustering matches, i..AS. We will show
matching (SFM). First, the candidate matches are genebbgtedhe effectiveness of it in both steps as well as a whole. We
using the SIFT descriptor. To measure the similarity betwiee adopt the graph match algorithm RRWM [5] in our DM.
wo matchegv?, v?) and(vf,ul?), we adopted the symmetric  Firstly we compare ouD AU with the graph progression
transfer errokl(ia; jb) used in [13] [16] [21] [39]. The affinity (GP) [13] since it is the only similar work t® AU as far as
matrix W is calculated byW;,..; = maxz(50 — d(ia; jb),0). we know. For fair comparison, we adopt the same progressive
In Density Maximization, we set the thresholdfor match framework as GP, which performs graph matching and match
clusters to 0.03. updating iteratively. Since the aims of bathAU and GP are

We test our DM on three challenging benchmark datasets:boost the true matches, we evaluate the Recall on the three
Intra-class dataset [21], ETHZ toys dataset [41], and Cdatasets. The results of GP contain many overlapping matche
recognition dataset [42]. Intra-class dataset consist8®f To compute Recall more accurately, we count the overlapping

(b) SAE
o R ol M

I



TABLE I
REcALL (%) oF PGAND OUR DAU, PrRECISION(%) OF ACC, SAEAND OUR DAS, RECALL/PRECISIONRUNNING TIME OF PG+ACCAND OUR DM.
"N O’ DENOTES THE FAILURE OFSAE.

Recall Precision Recall/ Precision/  running time(seconds)
Data sets PG DAU | ACC SAE DAS | PG+tACC AAS DM
Intra-class 81 83 71 43 83 71/70/15 22/52/3 73/81/4
ETHZ toys 69 77 63 No 85 62/69/86 23/66/5 72/88/8
Co-recognition | 66 81 67 No 91 61/74/117  75/69/7 75/92/10

by the GP method for the image pair in Fig.1. The outlier

cannot be eliminated by oub AS as shown in Fig.4(c). In

contrast, ourD AU introduces much less outliers which cal

be easily removed by ouD AS as shown in Fig.4(d).
Secondly, we compare ouPAS with two state-of-the-art

methods: the agglomerative correspondence clusterin@CfAC

[21] and the Shrink-and-Expansion (SAE) [24]. Since SAE (¢) GPACC (d) Our DM

cannot handle both ETHZ toys and Co-recognition datasets

(the source code provided by the authors online reports 'au. 6. (a)A image pair. (b)Graph matching result by [5].T( result by

of memory’ problem when handling thousands of matche$)P+ACC. (d)The result by our DM True matches are shown witegiines

we only report its result for Intra-class dataset. Sinceaine 3" outliers are shown with black lines.

of DAS is to improve precision, we use precision as the

seen, SAE tends to include many outliers. The results of AC
are much better, but are still noisy. In contrast, dor.S
successfully detects true matches and distinguishes them f
outliers.

Finally, we compare our DM with a combined method—
GP+ACC. GP+ACC is performed in a similar way of ou
DM: GP and ACC are performed iteratively till convergence.
We measure both Recall and Precision on the three datas
As shown in Fig.6, the outliers introduced by GP cannot b
eliminated by ACC, and result in noisy clusters. So GP+AC§
increases Recall at the expense of Precision. Our DM sol -
this problem effectively by avoiding outliers from sourde. (e) RRWM+DM (f) SM+DM
largely outperforms GP+ACC in both precision and recalle Th
average running time in Table Il shows thgt our DM is mup}gllg_ 7. (a) and (b) are two input image pairs. (C)Result by RRYE] for
faster than GP+ACC. In Table IIl. We also give the quantitatiVa). (d)Result by SM [5] for (b). (€)The result by our DM withRR/M as
results of the authority ascent shift (AAS) [39] which is dhe graph matching module. (f)The result by our DM with SM fas graph
mode-seeking method. We can see that our DM produces mgfning module. True matches are shown with color lines atiers are
higher recall than AAS. '

To give a better picture to show the performance improve-
ment over graph matching methods, we plot in Fig.8 the
In this paper, our original aim is to improve graph matchingcrease of Recall and Precision at each iteration of DM on
methods. Now, we show the improvement of our DM Ofhe Co-recognition data set. The result shows a significant
several state-of-the-art graph matching methods: SM [V, Pimprovement even after single iteration step of our DM, and

[17], BGM [6], IPFP [8] and RRWM [5]. The quantitative the maximum performance can be achieved within about five
results are summarized in Table lll, and some examples afgps.

shown in Fig.7. The graph matching methods themselves

cannot distinguish true matches from outliers, and fail to

separate matches of one object from those of others. Our DM V. EXTENSION TO DENSE CORRESPONDENCE

solves these problems effectively by detecting clustertsuef

matches. The precision is boosted $§% ~ 67%, and the In this section, we extend our DM to estimate both scene-
recall by 18% ~ 47%. level and object-level dense correspondence.

B. DM with different graph matching methods



F;(t) is the data fidelity term to measure the appearance
matching cost at pixej for translationt. It is defined as the
distance between the SIFT descriptopatn image P to that
located atp; + ¢ in imageQ: Fj(t) = min(||STFTp(p;) —
SIFTg(p; +1t)|l1, ). We use a truncatefl; norm for SIFT
descriptor distance with a threshgldor robustness to outlier-

0.9

Recall
Precision
o
3

0.5,

- =X s 3 constrains that the refined translation for most outliers ca
lterations lterations not be far away front!. The prior termP/ (¢, t!) = ||t — t1]1
@ (b) regularizes the solution by penalizing large discrepanciam

. . the initial translatiort!. Here)\; is a constant weight to control
Fig. 8. Performance growth on the Co-recognition datasedblsyDM over . J . . .
several state-of-the-art graph matching methods: SM [¥,[F7], BGM [6], the Importance of the prior term. Large values bias the r.dfme
IPFP [8] and RRWM [5]. The plot shows the recall and precisiant the translation towardt;f , While small values make the refined
iteration steps. Note that the step O denotes the result &ghgmatching. translation mainly depend on the appearance fidelity
(a)Recall. (b)Precision. .
So our scene-level dense correspondence method includes

TABLE Il two steps: computing the stitching field for each pixel and

PERFORMANCE IMPROVEMENT(%) OVER RECALL/PRECISIONBY DM then refining it by optimizing (9). In the first step, direct
Data sets [ SM PM BGM IPFP__ RRWM pseudo-inverse of’ takesO(|V°|?) time. We use the low-

Intra-class 43/47  39/44 32/36 47/39 4541 rank matrix approximation [43] to reduce the computational

ETHZ toys 23/64 27/52 18/45 33/67 29/53
Co-recognition | 27/51  25/49 21/42 33/41 31/44

complexity to be linear offV¢|. In the second step, (9)
can be efficiently optimized by searching a small window
aroundp; + t§ [32]. More specifically, a coarse-to-fine two-
step scheme is adopted for searchingbax 25 window. The

A. Scene-level dense correspondences coarse step searches tBe x 25 window with 5 pixels as

Based on the sparse feature matches produced by our B} stride and the fine step searches ihe 5 window with
method, the affine transformations for each pixel can bdyeaspn€ pixel as the stride. Therefore the time complexity isonl
estimated according to the smoothly varying affine stitghirf?(50N) with N denoting the pixel number. To process an
field (SVASF) model [26]. We first compute the SVASF, andmage pair of common size likés0 x 640, our method takes

then solve for the dense correspondences by optimizing appput 9 seconds. Feature extraction takes about 2 secodds an
energy function with the SVASF as a prior term. feature matching by our DM takes about 6 seconds. So our

In the SVASF model, each poirjthas an associated affinedense correspondence method takes about 17 seconds jn total
transformationa; which is biased towards a pre-compute§Ompared to state-of-the-art methods: 15 seconds for S Tfl
global affine transformationc. The SVASF is a set of affine [35], 6 seconds for DSP [32], 13 minutes for HSVAF [44], 13
parameters for all the sparse features. Recall that our DRinutes for SSID [45],and 25 seconds for DFF [46].
method produced/C| sparse feature matches. For each match Figure 9 shows the results by our method and two state—of—
j, its associated affine transformatiencan be easily obtained the-art methods [35] [32]. As can be seen, our method is much
as in [37] [21] [13] because a sparse feature can be repesseffOre robust to significant geometric transformations thfan t
by an elliptical region with its orientation being estimate Other _me_thods. The performance on large data sets is often
by the dominant orientation of the gradient histogram. Théantitatively measured by the label transfer accuracy [35
we obtain a|VC| x 6 matrix A = [alv"-vaﬂ/c\]Ti and set [32] which will be given in Section VI.B.
ag = aj. Our aim is to solve the stitching field at each
pixel based on the matrid. Let p, = (x,,y.) denote the B. Object-level dense correspondences
coordinates of pixet, the stitching fielda, = ag + Aa. @l gaged on the sparse feature matches produced by our

any pixel> can be obtained froml using a weighted sum of p\ method, we can solve both the dense correspondence
Gaussian functions: and object segmentation simultaneously. Similar to thevabo

Ve scene-level dense correspondence, we first estimate tiad ini
Aa, = Z wig(|lp= — pill, ) (8) translationt! for each pixelj, and then compute the binary
i=1 mask bp(p;) of image P and bg(p;) of image ) while
. ining ¢, whereb(p;) = 1 indicates the common object
with T —  GfAA and Aa = [efining ;, whereb(p; : :
hwr, o wye] andb(p;) = 0 indicates background at pixél For each pixel

[Aay, ..., Aapyc|]T. v = 1 and G+ is the pseudo-inverse of ©
G with G(i,j) = g(|pi — p;l,)- llpi — p;|| denotes the 7"
Euclidian distance between pixeéland j. For more details E; = Z {Fj(t) +)\1P;(t,t§) +)\2Fjl.)(bd(pj))

we optimize

please refer to [26]. d=P,Q (20)
Based on the stitching field;, = ag + Aa;, the initial b1 b2
. . + X3P} (ba(ps)) + AP} (bp(p;),bo(p; +t;
translationt! for pixel j can be calculated by} = a;p; — p;. 3B (0a(p)) T AaFy"(br (ps). ba(ps 1))}
We further refinet! by optimizing F}’(b(pj)) = —logh(L;;b(p,)) is the data fidelity term as in

- P [47] to measure the fit of the distribution &fto the pixel
tj = argmin(Fj (1) + M Pj (4, 17)) (9 value L; given the histogram model. P! (b(p;)), a prior
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term of b to measure compatibility between adjacent pixels in
an image, is defined as in [48]:

PO = Y bles) # b expl— 1Ly ~ Lil®)
keNs(j) (11)

where Ng(j) denotes 8-neighbors of pixel. [E] is the
indicator function of £ which takesl if E holds and0
otherwise.P}?(bp(p;), bo(p; + t;)), another prior term ob
to measure compatibility between correspondence pixelsscr
images, is defined as

PP(bp(p;), bo(pj +t5)) = [br(p;) # bo(p; +t;)]

1 2
X eXP(*UglFT |SIFTp(p;) — SIFTo(pj +t5)I1°)

(12)

Note that (10) is non-convex and its global minimum cannot

be guaranteed to be obtained. We use the coordinate descent

method as [49] which already produces good results in our

experiments. More specifically, at each step we optimize for () (d)

one image by fixing the segmentation mask for the other

image. For each image, we alternate between calculating F—I'lk? 9. Scene-level dense correspondence results. (agfaeence image.

histogram modeFk. and optimizing (10), which is similar to (b)The target image. (c)The result by SIFT Flow [35]. (d)Tesult by DSP

Grabcut [48]. The alternation is repeated for a few iteraio [32]- (€)Our result.

until convergence. The standard deviationof ||L; — L;|| in

(11) is calculated based on 1000 randomly sampeg— L ||

values in the testing data sets;rr is calculated similarly. E
R

The prior weights\;, A2, A5 and A4 are fixed in this paper.

So our object-level dense correspondence method includ
two steps: calculating the histogram model and optimizin
(10). The first step take®(N) time with N denoting the
number of pixels [48]. In the second step, the minimum cut
algorithm [47] is adopted. Although in the worst case its
complexity reacheé)(mNQ) with m denoting the number of Fig. 10. Object-level dense correspondence for image seigiien of the

. . . . T cond image in Fig.6(a). (a)The result by Grabcut [48] withounding box.
edges between two plerS, its observed running time Is mr_]e%The result by the co-segmentation method [51] takingfite® image in

of N on many typical problem instances in computer VisiOfig.6(a) as the reference image. (c)Our segmentation ampedaesult by

[50] To process an image pair of common size Hig® x 640, taking the first image in Fig.6(a) as the reference image.

our method takes less than 15 seconds.

Figure 10 gives the segmentation results for the image in

Fig.6. As can be seen, Grabcut [48] fails to segment the bbjgerformance of sparse feature matching methods [24], [52],

accurately even if an accurate bounding box of the object[B3]. Our experiment is conducted on the Kentucky database

given. By using another image in Fig.6 as reference, the-sta54] which contains 10200 images for 2550 groups of 4 images

of-the-art co-segmentation method [51] cannot producalgoeach. Similar to [24] [52] [53], we first rank all images by

result due to background clutters, as shown by Fig.9(b)nFraising traditional image retrieval techniques (here we &adop

the warped results shown in Fig.9(c), we can seen that odcAD [55]), and then re-rank the images in the top 100 based

method is much more accurate, benefiting from the accurate the number of sparse feature matches. The performance

sparse matches (Fig.6(d)) obtained by our DM method. = measure is the top-4 precision, i.e., the average number of

relevant images in the query’s top 4 retrieved images as in

V1. APPLICATIONS [54]. We compare our method with the SEA method [24],

To demonstrate the power of our proposed methods, tn]e NIM method [52], and the 5dof method [53]. For fair

this section we show three applications: instance-levelgen comparison, we use the SIFT feature for all the four methods.

retrieval based on sparse feature matching, mask traresedhb For each image we obtain about 1200 sparse features. The

. top-4 precision produced by the VLAD system is 3.31. After
on scene-level dense correspondence, and image enharicemeéen . e
. re-ranking, the top-4 precisions by our DM, the SEA method,
based on object-level dense correspondence.

the NIM method and the 5dof method become 3.55, 3.35, 3.42

. . and 3.36 respectively.

A. Instance-level image retrieval Figure 11 illustrates the reason why our method outperforms
Image retrieval has become an important application tfe other ones. SIFT feature can tolerate only a small range

sparse feature matching, and can also be used to evaluateothaffine [14] and significant transformations could sharply

(@) ()
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reduce the true matches. So the number of the true matcheseference image. This kind of methods often fail because
obtained by SEA, NIM and the 5dof methods based @@ven common content between two images may have widely
SIFT feature for such challenging example in Fig.11 are vewarying appearance, as shown in Fig.14(a) and (b). The NRDC
limited, thus hurting re-ranking performance. In contrastr method [34] addresses this problem by solving a mapping
DM produces much more true matches because it exploretiaction based on image dense correspondences. That method
very large matching space including most true matches. 8an produce much more pleasing results than the global
image re-ranking by our DM is very robust to outlier imagesnatching methods when dense correspondences are acguratel
estimated. However, if the dense correspondences are not
B. Mask transfer accurate enough, the results become far from being satggfyi
0Figure 14(d) gives the results by the NRDC method for two
(Ehallenging examples. Since the NRDC method fail to idgntif

dence method to solve mask transfer. We fix the Parametgls yense correspondences for the image pairs in Fig.14, the

?asni\jlmilyog)igi gnpdaﬁ s:0f5i?r(1) algeggzérlla:rc]ﬁ c?;)(jpeirtlrzlzgts: ;’xet%%rget images remain untouched. It solves for dense camesp
Caltech-101 [56] to obtain 505 pairs of images for testin ences by searching for similar patches of a predefined affine

For each imade we extract about 800 sparse features b et in the reference image. The large transformations shown
image we ex aobou spars ures by U.S|H1§’:ig.14 are beyond its predefined affine set, thus resulting
MSER [36] and Harris Affine [37]. We adopted the metn(f the failure results

used in [31] [4] to evaluate the performance. For each p'xnge first solve the object-level dense correspondences by

of the source image, its correspondence is consideredomorrl?sing our method. For each image about 2000 sparse features

vt rage. The et 53] 4 1o the pefeentof coyedf) 37 can be detected. Vi fx he parameersigo-
matches (PCM) relative to total number of input pixel with > = 15.andAs = 1 in (10). Then we compute the mapping
matches. We compare our approach with four state-of-the- urnc_tlon similar to the NRDC method [34]. From the results
methods. SIFTflow [35], Deformable Spatial Pyramid (DSFl Fig.14(e) we can see that our method is able to accurately

' ! roduce the dense correspondences and therefore produce

S/i]i,laf)lselzo?:]o??:e ZEeFCL[;:sg;Ieusmg the authors’ publicl much more pleasing results, as shown in Fig.14(f).

Benefiting from both the sparse features and our DM
matching method, our dense correspondence method is very
robust to affine transforms. According to [57], any affine can It is interesting to analyze robustness of our DM method
be decomposed as: to the extreme cases: highly deformable objects like ckthe

costp  —siny ‘ ¢ ‘ repetitive textures, and significant perspective tramsédions.

In this section, we utilize our scene-level dense corresp

VIl. DISCUSSION OF ROBUSTNESS

sing  cosy 01 ; ‘ Figure 15_shows the results for those cases. _
From Fig.15(a) we can see that our DM method is very

with ¢ = 1/ cos6. e and f are the translations in image planerobust to highly deformable objects. This is because ngiakri
¢ andé are the viewpoint angles; parameterizes the cameradeformations can be regarded as smoothly varying affinesfield
spin, and\ corresponds to the scale. There are 6 paramet84] [44], and our DM method is robust to a large range
in total. Since SIFTflow, DSP, SSID, DFF and ours methodg affine transforms. Fig.15(b) demonstrates that repetiti
all address translationsand f, we need to test only the fourtextures might introduce many outliers. Our DM method
parametersp, A, § and ¢ to show the improvement by ourcannot eliminate those outliers because they are quitdasimi
method. We first transform each source image in the testittig the correct matches. Figure 15(c,d) show that significant
data set by varying each of the four parametgrs,  and¢, perspective transforms could make our DM method completely
while keeping the target image unchanged. Then we obtairadl. This is because our DM method is based on SIFT match-
large dataset including 7070 image pairs. We solve the dersg which is not robust to dramatic perspective transforms
correspondence between each transformed source image [80§l Experiments reveal that our DM method might fail for
the target image. the perspective transformé:> 70°, ¢ > 70°, ¢ > 120° and

Figure 12 shows the percent of correct matches (PCM) &s> 4. Since the sparse features do not work for extreme intra-
a function of each parameter. We can see that our methodtligss variations [35], our DM method cannot match extremely
more robust than other methods for all the four parametedifferent intra-class objects. These issues will be théctopf
Figure 13 shows the results for four cases 2v/2, 1 = 90°,  our future work.
6 = 60° and ¢ = 60°. From our results we can see that our
method works robustly under significant transforms, ngidri VIIl. CONCLUSION
motions and background clutters.

sing  cos

cos¢p —sing ‘+

We have introduced a unified framework, called Density
Maximization, which effectively resolves the three lintitas
C. Image enhancement of conventional graph matching methods and achieves impres
Over the years, there has been much work on the imagjee performance improvement. We point out that the key to
enhancement based on a reference example. For a good sutlreyhigh performance is twofold: a well-defined local smooth
of recent approaches, see [59]. Many methods [58] modifieighborhood to avoid clutter and an iteration scheme to
a target image by globally matching the color statistics @nsure that match updating is mainly based on true matches.
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Fig. 11. The true matches detected by several algorithmarfamage pair with significant view point difference. Onlyeel true matches can be estimated
by the related work. (a)The result by NIM [52]. (b)The reduft5dof method [53]. (c)The result by SEA [24]. (d) Our DM pumés much more true matches
than other methods.
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Fig. 12. The dense correspondence results measured by rtenpef correct matches for three methods: ours, SIFTfldly, [BSP [32], SSID [45] and
DFF [46]. Each of the four parameteks v, 6 and ¢ is varied to test the robustness of those methods. (a) Scdle) Rotation. (c) Latitude viewpoint).
(d) Longitude viewpointe.

Experiments demonstrate that Density Maximization is adgs] O. Duchenne, F. Bach, I. Kweon, and J. Ponce, ‘A tensset
quate for very challenging real-world images which contain  agorithm for high-order graph matchingCVPR, 2009.

. L . [16] J. Lee, M. Cho, and K. M. Lee, “Hyper-graph matching visveighted
many-to-many object correspondences and significanteositli random walks,'CVPR, 2011.

We have extended our method to dense correspondences,[@/10R. zass and A. Shashua, “Probabilistic graph and hypetgmatching.”
shown that our method is widely applicable for instanceslev ~ CVPR, 2008. _
image retrieval, mask transfer and image enhancement. {48 F. Zhou and F. Torre, “Deformable graph matchinGVPR, 2013.

. . ] H. Li, E. Kim, X. Huang, and L. He, “Object matching withlacally
believe that our method may also prove useful for a variety™ g oo oot constraint CVPR. 2010.

of applications that currently rely on previous sparseu®at [20] M. Cho, J. Sun, O. Duchenne, and J. Ponce, “Finding nestdh a
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