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Abstract. Graph matching has attracted extensive attention in computer vision due to its powerful representation and robustness. However,
its combinatorial nature and computational complexity limit the size of
input graphs. Most graph matching methods initially reconstruct the
graphs, while the preprocessing often results in poor performance. In
this paper, a novel progressive probabilistic model is proposed in order to handle the outliers and boost the performance. This model takes
advantage of the cooperation between process of correspondence enrichment and graph matching. Candidate matches are propagated with local
consistency regularization in a probabilistic manner, and unreliable ones
are rejected by graph matching. Experiments on two challenging datasets demonstrate that the proposed model outperforms the state-of-the-art
progressive method in challenging real-world matching tasks.
Keywords: Graph matching · Progressive probabilistic model · Geometric consistency · Local regularization
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Introduction

Graph matching has been widely used to deal with various problems in computer
vision such as feature correspondence, object localization, image retrieval and
3-D construction [1–3].
Graph provides a flexible and powerful representation by modeling feature
appearances and their relationships as nodes and edges respectively. Typically,
graph matching is formulated as an integer quadratic programming (IQP) that
is known to be NP-hard. Thus, many methods [1, 4–9] have been proposed to
find an approximated solution. However, there are still some challenges needed to be tackled in this field. For instance, to input complete graph structure
of raw data is impracticable, due to the combinatorial nature and high computation complexity. Hence, by exploiting sparse discriminative features, most
graph matching methods initially select some candidate correspondences. Disappointingly, those candidates might only include small-percentage true matches
and the final performance suffers from the mismatches especially for real-world
image matching.
This project was supported by Shenzhen Peacock Plan.
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(a) Input images

(b) One-shot matching (17 true)

(c) Ordinary progressive method (22 true)

(d) Proposed method (85 true)

Fig. 1. An example of feature matching. The proposed method (d) enriches feature
correspondence based on conventional graph matching and is superior to ordinary
progressive method [10]. True matches are represented by cyan lines. (Best viewed in
color)

Recently, some progressive methods [10–12] have been proposed to deal with
the above limitations of graph matching, attempting to increase the number of
identified correct correspondences. These methods usually become sensitive to
outliers and obtain low accuracy; Because they rely heavily on the initial matches
which are pre-selected according to feature appearances.
In order to address the problems above, a progressive probabilistic model
(PPM) is proposed in this paper, which combines an effective correspondence
enrichment process with graph matching. The proposed method refines and enriches the candidate matches iteratively. In each iteration, the enrichment process propagates current graph matching results to their external matching space,
then the dynamic update of the solution gradually promotes the graph matching
objective. To satisfy the geometric consistency during the propagation, for each
feature in reference domain, a corresponding location in target domain is optimized by imposing local invariance on affine transformations. Finally, a posterior
probability is estimated as the matching confidence for each correspondence. In
this way, the proposed approach abates the effects of outlier nodes or mismatches. PPM achieves robustness to appearance variation and outliers, and can be
applied to various objects of the same class.
There are three main contributions in this paper: (1) A progressive model
for graph matching is introduced to boost the number of true matches. (2) An
effective probabilistic enrichment strategy is proposed to handle appearance variation and outliers. (3) The proposed model takes advantage of the cooperation
between the refinement and enrichment, which outperforms the state-of-the-art
progressive methods.
The rest of the paper is organized as follows. Section 2 describes PPM in detail, including graph matching and correspondence enrichment strategy. Section
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3 presents the experiments on two datasets. Finally, main points of this paper
are summarized in section 4.

2

Progressive Matching Model

In this section, we introduce the progressive probabilistic model, consisting of two
main steps: matches refinement by graph matching and probabilistic enrichment
with local and geometric consistency constraints.
2.1

Graph Matching Formulation

Given two attributed graphs, G1 = (V1 , E1 , A1 ) with n1 nodes and G2 =
(V2 , E2 , A2 ) with n2 nodes, where V, E and A denote a set of nodes, edges
and attributes, respectively. The objective of graph matching is to find correct
correspondences between the nodes of graphs G1 and G2 . Generally, an assignn ×n
ment or permutation matrix X ∈ {0, 1} 1 2 is used to represent the subset of
χ ⊂ V1 × V2 , where Xij = 1 if V1i matches V2j and 0 otherwise. In this paper,
the column version of X, defined as x ∈ {0, 1}n1 n2 ×1 , is used instead for real
applications. In addition, relational similarity of the graph attributes are encoded in an affinity matrix W, where the non-diagonal element Wij;ab represents
pairwise similarity between correspondences (V1i , V2j ) and (V1a , V2b ), and the diagonal element Wij;ij represents unary similarity between nodes of the match
(V1i , V2j ).
Therefore, the graph matching problem can be formulated as an IQP problem
with two-way constraints as follows:
x∗ = arg min(xT Wx)

(1)

x


s.t.

n1 n2
x
P∈n1{0, 1}1
Pn2
x
i=1 ij ≤ 1,
i=1 xij ≤ 1 .

Affinity matrix W is a key factor in determining the computational complexity
of graph matching. The number of elements in W depends on the size of input
graphs; Consequently, to input large graphs can cause high complexity and is
impermissible. Moreover, another way to reduce complexity is to sparsify W. In
order to improve the efficiency of PPM, the approach used in [7] to sparsify W
is adopted in this work.
Since the IQP problem is NP-hard, several efficient approximate algorithms
for graph matching [4, 6, 7, 9] have been proposed recently. In spite of the various
strategies, any graph matching methods can be embedded into the proposed
model and exert their capability as the refinement step.
2.2

Probabilistic Model for Correspondence Enrichment

Given a small number of candidate matches M = {m1 , m2 , . . . , ma , . . .} between
two sets of nodes V1 and V2 , our task in this phase is to find the other po1

Note that in this paper we use xij to denote x(i−1)n2 +j .
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(a)

(b)

(c)

Fig. 2. Visualization of correspondence enrichment for k1 = 5 and k2 = 3. (a) For
each feature vi , potential correspondence locations Tma (vi ) are estimated based on k1
nearest neighbors(red area) correspondences ma . (b) The geometric median of these
potential locations ω ∗ (vi ) is optimized. (c) The posterior probabilities are evaluated
for k2 nearest neighbors(green area) of ω ∗ (vi ). (Best viewed in color)

tential correspondences by exploiting M. In this probabilistic model, matching
confidence for each correspondence between nodes V1 and V2 is represented as
a posterior probability p(v1i 7→ v2j |M). The superscripts will be omitted in the
equations below for brevity.
Since the feature appearances have been encoded in the affinity matrix of
graph matching, the matching confidence is simply estimated based on local
geometric consistency. In this way, PPM is insensitive to appearance variation
among objects of the same class. The posterior probability of each correspondence is evaluated by geometric checking of neighboring candidates as illustrated
in Fig. 2. For each feature in domain 1, a set of potential corresponding locations
in domain 2 is obtained by imposing local invariance on affine transformations
between neighboring candidates:
Ω(vi ) = {Tma (vi )|ma = (v̂, m(v̂)), v̂ ∈ kNN(vi , k1 )} ,

(2)

where Tma (·) is the affine homography transformation of the match ma , and
m(v̂) is corresponding node of v̂ determined by the best match. These projected
locations Ω(vi ) are likely to be different and some of them may even suffer from
outlier matches. To abate the effect of mismatches and obtain a more reliable
location, geometric median [13] is used to regularize the potential locations:
X
ω ∗ (vi ) = arg min
||ω − y||2 ,
(3)
ω∈R2

y∈Ω(vi )

which can be optimized by Weizfeid’s algorithm [14]. Based on the corresponding
location ω ∗ (vi ) optimized for each feature, the matching confidence is defined
as:
X
p(vi 7→ vj |M) = p(vi 7→ vj |ω ∗ (vi ))
mScore(ma ) ,
(4)
v̂∈kNN(vi ,k1 )
ma =(v̂,m(v̂))

which denotes that vi is likely to match vj if vj is close to the optimized location ω ∗ (vi ) in the premise that vi has many reliable neighboring matches, and
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mScore(·) is the confidence score of each correspondence derived from graph
matching. The probabilistic of spatial support p(vi 7→ vj |ω ∗ (vi )) is measured by
the definition:

1
if vj =NN(ω ∗ (vi ))

exp(−dij )
∗
p(vi 7→ vj |ω (vi )) =
(5)
if vj ∈ kNN(ω ∗ (vi ), k2 ) ,
S

0
otherwise
where NN(·) means the nearest neighbor node and dij is Euclidean distance
between vj and ω ∗ (vi ). S is a normalizing constant defined as
X
S=
exp(−dij ) .
(6)
vj ∈kNN(ω ∗ (vi ),k2 )

As a result, the probability score of false matches will be suppressed while
more and more correct matches will be promoted in an iterative way.
The procedure of PPM is summarized in Algorithm 1.

Algorithm 1: Progressive probabilistic model (PPM)
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Input: graphs GR , GT , # of candidates nc
Output: matching results C
(C, V1 , V2 ) ← FindInitialMatch(VR , VT , nc );
while graph matching objective score SGM increases do
(M, mScore, SGM ) ← GraphMatching(C);
Initialization: p(vi 7→ vj |M) ← 0 ∀vi ∈ V1 , vj ∈ V2 ; Ω ← φ;
foreach vi ∈ V1 do
NA ← {v|v ∈ kNN(vi , k1 ), v ∈ M1 };
foreach v̂ ∈ NA do
ma ← FindBestMatch(v̂, M, mScore);
compute Tma (vi );
Ω(vi ) ← [Ω(vi ), Tma (vi )];
end
compute ω ∗ (vi ) according to Eq.(4);
NB ← {v|v ∈ kNN(ω ∗ (vi ), k2 ), v ∈ V2 };
foreach vj ∈ NB do
P
p(vi 7→ vj |M) ← p(li 7→ lj |ω ∗ (vi )) mScore(ma );
end
end
C ← nc best matches based on p(vi 7→ vj |M), which contains M ;
end

Experiments and Evaluations

In this section, two sets of experiments are designed to evaluate PPM, showing
the effect of the enrichment strategy and the robustness to outliers.
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Table 1. Performance of PPM in Accuracy (%) on Cars and Motorbikes Dataset [6]
Method

Cars

Motorbikes

avg

SM

w/o enrich.
w/ enrich.

52.14
79.81

74.28
78.47

63.21
79.14

RRWM

w/o enrich.
w/ enrich.

57.08
80.06

59.71
85.30

58.40
82.68

IPFP

w/o enrich.
w/ enrich.

50.05
81.08

64.41
74.07

57.23
77.58

MPM

w/o enrich.
w/ enrich.

52.96
74.12

69.69
73.54

61.33
73.83

Table 2. Performance of PPM in Accuracy (%) on Intra-class Dataset [7]
Method

SM

RRWM

IPFP

MPM

w/o enrich.
w/ enrich.

78.77
93.81

82.58
96.36

80.64
93.58

79.87
93.64

The experiments are performed on two challenging datasets with deformation and intra-category variation: Cars and Motorbikes dataset [6] and Intra-class
dataset [7]. Cars and Motorbikes dataset [6] contains two image pair sequences:
30 image pairs of cars and 20 motorbikes. Intra-class dataset [7] consists of
30 real image pairs of various objects collected from Caltech101 and MSRC
datasets. These two datasets all provide some manually constructed correct correspondences for each image pair. More ground truth is derived by extending
the original to its neighboring features in our experiments. Here, SIFT [15] is
used to describe the features. Resultant performance is mainly presented with
accuracy [4, 5, 7] defined as:
accuracy =

# of true positive
,
# of ground truths

(7)

where true positive represent the correct correspondences identified by tested
method.
The parameters of the step of enrichment are set as k1 = 20 and k2 = 20.
3.1

Effect of Enrichment

In fact, PPM can be considered as a combination of graph matching and correspondence enrichment. To evaluate the effect of the enrichment process, PPM
is applied under two settings: with and without enrichment. Four conventional methods are employed as the graph matching module in the model: spectral
matching (SM) [4], integer projected fixed-point matching (IPFP) [6], reweighted
random-walk matching (RRWM) [7] and max-pooling graph matching (MPM)
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(b)

(a)

One-shot SM (8 true)

One-shot RRWM (17 true)

SM+PROG [10] (40 true)

RRWM+PROG [10] (89 true)

SM+PPM (47 true)

RRWM+PPM (107 true)

(c)

(d)

One-shot MPM (27 true)

One-shot IPFP (20 true)

MPM+PROG [10] (68 true)

IPFP+PROG [10] (59 true)

MPM+PPM (72 true)

IPFP+PPM (79 true)

7

Fig. 3. Some results of our experiments with four graph matching methods. True
matches are represented by red lines and false ones are shown by black lines. PPM
performs better in the subtle parts of the objects like ears and rears and obtains more
true matches. (Best viewed in color)
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Fig. 4. Performance on the image pair (a) and (b) in Fig. 3 with the increasing iterations

[9]. In the setting without enrichment, one-shot graph matching methods work
individually. Before matching, Nc best matches will be selected based on the
pairwise distance of the SIFT descriptors. The number of candidate matches
selected by the enrichment process is the same as that of initial matches, fixed
as Nc = 1000. The max number of iterations is set as 10.
Table 1 and Table 2 show the performance in accuracy on Cars and Motorbikes dataset [6] and Intra-class dataset [7], respectively. Significant improvement can be clearly observed for all tested graph matching methods, increasing
by 12%-24% for dataset [6] and about 14% for Intra-class dataset [7]. Reweighted random walk matching (RRWM) [7] performs best in PPM with enrichment
among four graph matching methods, probably because the way to compute the
affinity matrix here is the same as RRWM. The results demonstrate that the
proposed enrichment strategy can further establish potential matches and eliminate the unreliable matches even when one-shot methods work poorly, which
greatly boosts the true matches.
Some examples of the real image matching can be viewed in Fig. 1 and
Fig. 3. In Fig. 3, the top images represent the original image pairs and the
followings show the matching results by one-shot graph matching method, progressive method [10] and PPM, respectively. It’s clear that there are only smallpercentage true matches found by one-shot graph matching. After progressive
matching [10], more correct matches are identified, which can be observed in the
body of the dinosaur in Fig. 3. While, PPM performs well with respect to some
subtle parts like the rears mismatched by the other two methods.
To further illustrate the effect of PPM, Fig. 4 shows its progressive performance with the increasing iterations on image pair (a) and (b) in Fig. 3. Objective scores of graph matching (red line) and the number of true matches (green
line) both increase sharply in the early process and become almost convergent
in the end. Both growth rates in scores reach about 500%. As for true matches,
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Fig. 5. Performance on Cars and motorbikes dataset [6]
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Fig. 6. Performance on Intra-class dataset [7]

growth rates of image pair (a) and (b) are 588% and 629%, respectively. The
performance growth of the other tested image pairs are similar.
All the results in this section demonstrate the significant improvement over
one-shot graph matching and the effectiveness of our enrichment strategy.
3.2

Robustness to Outliers

During the progressive matching, outliers are first induced when selecting initial
matches according to the feature appearances. In order to show the robustness to
outliers, PPM is evaluated with varying number of initial matches Nc along with
the state-of-the-art progressive graph matching method [10]. In this setting, Nc
varies between 1000 and 3000 by increments of 500, while other parameters are
fixed to the same as those of the first experiment. Since RRWM performs best in
both [10] and PPM, it is used as the graph matching module in the comparison.
Fig. 5 and Fig. 6 show the matching results on Cars and Motorbikes of dataset
[6] and Intra-class dataset [7], respectively. PPM achieves high accuracy on both
datasets of various objects with appearance variation. As shown in Fig. 5, on
Cars and Motorbikes dataset [6], PPM (red line) shows remarkable tolerance to
the number of initial matches, while method [10] (blue line) drops more sharply
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with the increasing number. On Intra-class dataset [7], both methods descend
with the varying number of initial matches, but PPM still achieves outstanding
accuracy as shown in Fig. 6. The results demonstrate that the proposed PPM
can handle a large number of outliers and some intra-class appearance variation
in practical matching.

4

Conclusion and Future Work

In this paper, a progressive probabilistic graph matching model has been introduced to address the limitations of conventional graph matching method and
improve the accuracy. The model combines graph matching with a probabilistic enrichment process to gradually boost the number of true candidates. In
regard to the enrichment process, the geometric consistency with neighboring
candidates, as well as the local regularization is taken into account. In turn,
graph matching refines the candidates and eliminates some mismatches, leading to a more satisfactory performance. The experiment results demonstrate
the effectiveness of the enrichment strategy. Moreover, PPM outperforms the
state-of-the-art progressive method in the presence of appearance variation and
outliers. In the future, the research will focus on applying the proposed model
to other challenging tasks such as object localization and scene understanding.
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