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Feature matching is one of the key techniques in many vision-based tasks, which aims to establish reli-
able correspondences between two sets of features. In this paper, we present a new feature matching
method, which formulates the matching of two feature sets as a mathematical model based on two com-
mon consistency constraints. We first propose an advanced consensus of neighborhood topology, which
can better exploit the consensus of topological structures to identify inliers. In order to have reliable

neighborhood information for the feature points, a subset with high percentage inliers obtained by a
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guided matching strategy from the putative matches for the neighborhood construction is used. We
demonstrate the advantages of our proposed method on various real image pairs. The results demon-
strate that the proposed method is superior to the state-of-the-art feature matching methods.

© 2020 Elsevier B.V. All rights reserved.

1. Introduction

Feature matching is the fundamental prerequisite for a lot of
computer vision techniques. Many tasks in computer vision, such
as image registration [1-3], image fusion [4,5], 3D reconstruction
[6,7], point set registration [8,9], can be typically considered as fea-
ture matching problem. The features to be matched are usually
extracted from images of similar or the same scene, which may
be obtained at different times, from different viewpoints, or by dif-
ferent sensors. The goal of feature matching is to establish reliable
correspondence between the two images. The feature matching
problem is usually tackled by a pipeline, i.e., first constructing ini-
tial correspondences by some feature extraction and description
techniques (e.g., SIFT [10]) and then selecting reliable correspon-
dences from the putative sets with some outlier removal algo-
rithms. Due to ambiguities of the descriptors, the putative sets
usually contain a number of outliers. Therefore, a robust outlier
removal algorithm is particularly necessary for some feature
matching task [11,12].

In order to match two feature sets accurately, many approaches
have been developed in the past few decades. Feature matching
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methods can be roughly divided into four categories, i.e., resam-
pling methods, non-parametric interpolation methods, graph
matching methods, and learning-based methods. The resampling
methods [13-16] adopt a hypothesis and verification procedure,
sampling the minimal subset from all inliers to calculate parame-
ters of the model through resampling. Nevertheless, to find the
minimal subset from all inliers, the iteration number needs to be
exponentially increased in cases of high outlier percentages in
the putative set. Moreover, a predefined parametric model is less
efficient to deal with image pairs that undergo complex non-
rigid transformations. A number of non-parametric interpolation
methods [17-21] have been proposed to deal with the above men-
tioned problems. These methods usually make some prior assump-
tion such as geometric consistency between inliers to learn a pair
of correspondence functions or interpolate a motion field, where
the correspondences are slow-and-smooth. Compared with resam-
pling methods, the non-parametric interpolation methods can deal
with non-rigid transformations, whereas they commonly have
cubic complexities which restrains their applications on real-
time tasks. Graph matching methods [22-25] represent the match-
ing problem as an integer quadratic programming (IQP) problem
that forces the geometry between two feature sets to be preserved,
which does not rely on a specific transformation. The optimal solu-
tion of it determines the final matching results. However, these
methods only consider the spatial information and ignore the local
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descriptor information, which are not robust enough to deal with
different image deformations, meanwhile, the non-polynomial-
hard nature will also result in large computational complexity,
which is not suitable for large-scale matching problems.
Learning-based methods [26-30] are another technique to deal
with the feature matching problem. Although it has been verified
that the representations obtained by those using deep learning
architectures are better than hand-crafted representations, the
putative set still contains a large number of mismatches. Therefore,
a mismatch removal method remains necessary. Besides, the GANs
have been used to the point set registration, which regard the point
clouds as the probability distributions. The aim of these methods is
to learn a critic network confusing the source point sets and the
target point sets. Some of them just need the spatial information
of the points and do not construct the initial correspondences
between the two point sets. Therefore, they are not suitable for
the image feature matching problem.

Most recently, several coherence constraint and local neighbor-
hood consistency based methods are proposed such as grid-based
motion statistics (GMS) [31], coherence-based decision boundaries
(CODE) [6], and locality preserving matching (LPM) [32], which
achieve promising results. In LPM, it is based on the observation
that the absolute distance between the corresponding feature
points may vary a lot when the image pairs degrade due to com-
plex deformations, but in the local neighborhood of the feature
points, the local neighborhood structure and the topological struc-
tures are generally well preserved due to physical constraints. The
advantage of LPM is that the simple formulation makes it possible
to remove mismatches from thousands of putative matches within
a few milliseconds. Nevertheless, the main deficiencies of LPM are
that the consensus of neighborhood topology cannot distinguish
inliers from the putative sets well and it is apt to have an over-
penalization on outliers. Therefore, as the outlier ratio of the puta-
tive sets increases, its neighborhood construction will become
unreliable. In this paper, we propose a new robust feature match-
ing method based on the advanced neighborhood topology consen-
sus (ANTC), which can efficiently distinguish inliers from the whole
putative sets. The main contributions of this work are twofold.
First, we propose an advanced consensus of neighborhood topol-
ogy, which can expand the distributions between outliers and
inliers and better exploit the consensus of topological structures
to identify inliers. Second, to deal with high ratio outliers in the
putative set, a guided matching strategy is used to establish a sub-
set with high ratio of inliers, which enables the neighborhood con-
struction based on this subset more reliable leading to an almost
perfect matching result. Extensive experiments on three public
available datasets referring to different image deformation (e.g.
rigid transformation, wide baseline, repetitive structures, non-
rigid transformation and so on) compared with the state-of-the-
art methods show that our proposed ANTC are better in terms of
precision, recall, and F-score.

The remainder of this paper is organized as follows. In Section 2,
we first review the original LPMand then introduce our proposed
ANTC in detail, involving the advanced consensus of neighborhood
topology and the guided matching strategy. The image feature
matching experimental results on different types of image datasets
are shown in Section 3, and the conclusions are drawn in Section 4.

2. Method

In this section, we first review the locality preserving matching
in Section 2.1. Then, we introduce two novel components of the
proposed ANTC: the advanced consensus of neighborhood topol-
ogy in Section 2.2 and the guided matching strategy in Section 2.3.
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In Section 2.4 we present the proposed complete ANTC method. In
Section 2.5 we discuss the computational complexity of the pro-
posed method.

2.1. Locality preserving matching

In this study, the input data are N putative matches
S={(x;,y))}", extracted from two input images by using the
well-known feature descriptor (SIFT [10]), where x; and y; are the
spatial coordinates of corresponding features. The aim of this paper
is to remove mismatches in S to establish accurate correspon-
dences. Ma et al. [32] has shown that mismatch removal problem
could be solved by seeking the minimal cost function:
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where 7 is the unknown inlier set, Ny is the neighborhood of feature
point x consisting of K nearest neighbors of the point X, d is a certain
distance metric (e.g. Euclidean distance), and | - | denotes the cardi-
nality of a set. The parameter /1 > 0 controls the tradeoff between
the first and the second items. According to the motion coherence
theory [33], if two features x;, X; in one image are close, they prob-
ably belongs to the same object and tend to move together. The
description above can be expressed by the formulation, d(x;,X;) ~
d(y;,y;). We use K nearest neighbor to describe each feature’s neigh-
borhood and then the first term of the cost function is close to zero
for an inlier and is much larger than zero for an outlier. Besides, in
order to be scale-invariant, the distance has been quantized as
follow:

0, X’ENXI 0, y'eNi
d(x“xj)_{l. X ¢ Ny d(yi’Yj)_{lv e

The cost function described above only preserves the intersec-
tion of neighbors and ignores their topological structures, which
will be problematic sometimes. Here, we give an example in
Fig. 1. Both the inlier (x;,y;) in Fig. 1(a) and the outlier in Fig. 1
(b) will have the same contribution to the cost function above
and they could not be told apart. Thus, the consensus of neighbor-
hood topology which consists of the angle and the ratio of length
between v; and v; can be expressed as follows:

(2)

_ min{[vi[, [vjl} (Vi, V)
max{[vil, [vj[} [vi[ - [V

s(Vi, vj) 3)
where v; and v; are the displacement vectors of putative match
(xi,y;) and one of its neighboring matches (x;,y;), respectively. More
specifically, vi=y;-X; and v;=y;-X;. (.,.) denotes the inner product.
Obviously, the consensus of neighborhood topology
s(vi,vj) € [-1,1]. The larger the value of s(v;, v;), the higher the con-
sensus of neighborhood topology can be obtained. A predefined
threshold T was used to distinguish the inliers from the putative
set as follows:

d(vi,vj) = {

Besides, an N x 1 binary vector p, where p; € {0, 1}, was intro-
duced to indicate whether the i-th correspondence (x;,y;) in puta-
tive set S is correct. Specifically, p; = 1 denotes inlier and p; =0
points to outlier. Thus, the objective function in Eq. (1) can be writ-
ten as the following minimization problem:

0, s(vi,vj) > 1
1, s(vi,vj)) <7

(4)
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Fig. 1. Local neighborhood topology. (a) An inlier (x;,y;) and its neighboring putative matches. (b) An outlier (x;,y;) and its neighboring putative matches. (c) Local
neighborhood topology corresponding to (a). (d) Local neighborhood topology corresponding to (b). For an inlier (x;, y;), the value of angle 0; is close to zero and the length |v;|
is similar to the length |v;| corresponding to a putative match (x;,y;) in its local neighborhood. For an outlier (x;,y;), the value of angle 6; is larger than zero and the length |v;|
differ greatly from the length |v;| corresponding to a putative match (x;,y;) in its local neighborhood.
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2.2. Advanced consensus of neighborhood topology

We follow the similar idea of the LPM [32], but, rather than
introducing a single model for the local neighborhood topology,
we model the consensus of local neighborhood topology as a soft
decision. Fig. 1 shows the local neighborhood topologies of inlier
and outlier. 0 = (v;,v;) € [0, 7] characterizes the angle between
v; and v;. From Fig. 1(a) and (c), we can see that the value of
angle 60; is close to zero and the length |v;| corresponding to
the inlier (x;,y;) is similar to the length |v;| corresponding to a
certain putative match (x;,y;) in its local neighborhood. From
Fig. 1(b) and (d), we can see that the value of angle 0 is larger
than zero and the length |v;| for the outlier (x;,y;) differ greatly
from the length |v;| corresponding to a certain putative match
(%;,y;) in its local neighborhood. That is to say, both length
and angle of the displacement vector corresponding to an inlier
differ little from the putative matches in its local neighborhood,
while both length and angle of the displacement vector corre-
sponding to an outlier differ greatly from the putative matches
in its local neighborhood. Based on the above analysis, we define
the advanced consensus of neighborhood topology as a soft deci-
sion, which can be written as

(Ry + ¢05)*
202

(i, vj) = % exp { (6)

275

méxi [vil.|vj t -1
min {vil.]v;[)

v; and v;. ¢ is a weight that controls the relative influence of the
ratio of length and angle between v; and v;. ¢ is the inlier noise
scale of the putative set. Note that, for an inlier, it will have great
consistency with its neighboring matches both in length and angle,
resulting in a large value of c?(v;, v;) and vice versa.

In Eq. (6), v; should compare with all its neighboring displace-
ment vectors of putative matches, which will cause more time
costs. Similar to LMR [27], we choose to calculate the average dis-
placement vector of the n, neighboring putative matches i.e. v;. By
comparing the difference between v; and v;, the consensus of
neighborhood topology can be exploited. More specifically,
changes in the topological structures of the n, elements relative
to x; and y; will cause significant differences in both length and
angle between v; and v;. The advanced consensus of neighborhood
topology in Eq. (6) can be rewritten as follows:

- (ﬁi + 5@')2

262

where R; = > 0 represents the length ratio between

c(vi,Vj) = 5 &xp

(7)

max{\v,-\,|i'j|} _
min{\v,-\,|\“'j|)
Vj. 6; = (vi,V;) € [0,7] is the angle between v; and V;. The advanced
consensus of neighborhood topology can robustly recover the
inliers from the putative set.

Due to advanced consensus of neighborhood topology, the
range of value of c?(v;,V;) is enlarged and it is beneficial to use a
pre-defined threshold to distinguish the inliers from the putative
set. In order to adapt to different scales of image matching, we
use a quantized distance metric between v; and v; with a precalcu-
lated threshold 7 :

where R; = 1 > 0 is the ratio of length between v; and
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-1, E“(Vh\;j) =T

d(vi, V) —{]7

(v, Vi) <T
with 7:
1 (R: + ¢0,)*
TGP {_T ©)

where R; and 0, are the threshold values of ratio of length and angle
between v; and v;, respectively. Specifically, when the values of R
and 6; are both smaller than R; and 6;, respectively, we consider that
v; and v; have high consensus of neighborhood topology, which is in
accord with the intuitive observation. In the case of the above dis-
tance, considering that the optimal value of K may vary with differ-
ent image data, a multi-scale neighborhood construction strategy is

designed with sizes K = {Kn}h_; . e.g. {N5" }1::1 and {Ny" }Ar::r
where {N,'f,"‘} is the neighborhood of point x; formed by its K;; near-
est neighbors under Euclidean distance. We empirically set 6 to be

0.5 throughout our experiments. El(vi,‘ij) in Eq. (8) is different from
that in LPM. Specifically, when a putative match is not consistent
with its neighboring matches, we make the cost function decrease
instead of being invariant. In this case, the correctness of a putative
match will not be totally affected by either the consensus of neigh-
borhood elements or the consensus of neighborhood topology.

Following [27], we then solve the removing mismatches prob-
lem by the following objective function composed of the advanced
consensus of neighborhood topology:

N . M 1 . _
op;S, 1,1, = % T( > diy) + K- d(vf.,vj)>
i=1 m=1

; Ky
j\xjele’"

+ <N - Zp) |

where 1/M is used to normalize the influence of different scales of
neighborhood. The first term consists of two constrains, namely, the
consensus of neighborhood elements and the advanced consensus
of neighborhood topology. The second term is a regularization term,
which is used to discourage the outliers. The accurate correspon-
dences can be obtained by minimizing Eq. (10).

If we reorganize Eq. (10) by merging the terms with respect to
p;, the objective function (10) can be written in the form

(10)

N ~

o(p; S, 4,T,8) = > pi(di—7)+ N (11)
i=1

where

R N | N

d":;MKm > Ay ) + K - d(vi, Vj) (12)

p Km
j\X]' Ein

indicates the degree that the i-th putative match (x;,y;) meets the
geometric consistency of preserving the locality and topology nat-
ure. Specifically, a true match will lead to small cost, whereas the
mismatch will bring large cost.

Since the neighborhood relationship with respect to a given

putative set is fixed, the values {ai}:; can be pre-calculated. There-
fore, the only unknown variable of the cost function in Eq. (11) is p;.
We use a predefined threshold to distinguish the outliers and
inliers. Specifically, the matches with cost larger than the threshold
4 will increase the cost function. Conversely, the matches with cost
smaller than the threshold 2 will decrease the cost function. Thus,
the optimal solution of p can be determined as follows:
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di < /.
pi= 176}'\;, =1,...,N. (13)
07 di > A
Then, the optimal inlier set Z is obtained by:
" ={ip;=1,i=1,...,N}. (14)

The parameter 2 in Eq. (13) is used for determining whether a
putative match is correct, which is also a threshold.

2.3. Guided matching strategy

There are almost no completely rigid scenes in real-world sce-
narios and image pairs usually undergo relatively complex non-
rigid transformations due to camera distortion or noise artifacts,
which will result in high ratio outliers in the putative set. In this
case, neighborhood construction composed of initial putative
matches becomes unreliable since the neighborhood information
of feature points will be inaccurate [34].

According to the Bayesian theorem [35], the more events that
support a certain attribute occur, the more likely the attribute is
true. Based on this theorem, as true correspondences are consistent
in local motion space, consistent matches in the local motion space
are thus more likely to be true. Therefore, in this paper, we only
consider a group of putative feature correspondences with low
ratio outliers in the neighborhood construction. The consensus of
neighborhood elements [27] are used to reject outliers from given
putative correspondences. For an inlier, the distributions of its
neighboring matches should be similar and quite different other-
wise. Therefore, the consensus of neighborhood elements between
Ny, and Ny, is defined as [27]:

ri=0;/K (15)

where ©; is the number of neighboring matches located in the two
neighborhoods Ny, and Ny, and K is the number of nearest neighbors
for the feature point under the Euclidean distance. It is easy to
obtain r; € [0, 1]. Clearly, an inlier will bring a large value of r; and
vice versa. That is to say, the distributions of inliers and outliers
can be distinguished by a predefined threshold o. Thus, a subset
So with high percentage inliers will be obtained by:

So = {ilr; > a}. (16)

In [6,10,34], the ratio test strategy of the nearest neighbor and
the second nearest neighbor is used to find a subset with high ratio
inliers. Nevertheless, as the number of features increases, the
memory cost that stores the descriptor information of the features
will be significantly enlarged. Besides, this strategy is not general
enough to be suitable for every matching problem without using
descriptor information (e.g. point set registration). Conversely,
our proposed guided matching strategy just utilizes the spatial
coordinates of the features and does not rely on the image descrip-
tor information, therefore, it can be applied to any matching
problem.

2.4. Complete ANTC method

The proposed ANTC method is summarized in Algorithm 1,
which mainly contains two novel components: advanced consen-
sus of neighborhood topology and guided matching strategy. There
are five parameters in our method: K, «, 4, T, ¢ and MaxIter. Param-
eter K is the number of nearest neighbors, which consists of the
neighborhood information for each feature point. Parameter o
determines the precision-recall tradeoff of the subset Sy and 4 con-
trols the threshold for finding the correctness of a correspondence.
Parameter 7 is used to determine whether the putative match has
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high consensus of neighborhood topology with its neighboring
average match. Clearly, the large value of K,7 and a small value
of 4 will increase the robustness simultaneously increase the time
cost to some extent. In our numerical experiments, we generally
choose the parameters as K = 10 in line 2, K = [12,10, 8] in line
7,and « =0.5,2=0.8,7 = 1.84,¢ = 0.4, MaxlIter = 3.
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3.1. Datasets and performance measure

To comprehensively evaluate of our proposed ANTC algorithm,
we verify its performance compared with other state-of-the-arts
on the public datasets referring to different image types and defor-
mations as follows:

Algorithm 1 The complete proposed ANTC method

N

Input: putative set S = {(x;,y:)}.L;, parameters K, a;, A, T, &,

MazlIter
Output: inlier set Z*

1 Initialize j=0;

2 Construct neighborhoods { N}, NJ*} based on S.

3 Calculate consensus of neighborhood elements r; using Eq.(15)
4 Determine a subset Sy with high ratio inliers using Eq.(16);

5 Ij = S(]

6 repeat

7 Construct neighborhoods {N;i, Nf"}ZN:i\[mzl based on Zj;
8 Calculate cost{d;}Y, using Eq.(12);

o | j=ItL

10 Determine 7; using Eqs.(13) and (14);

11 until 7 > MaxlIter;

12 T = 1,

2.5. Computational complexity

To construct K;, nearest neighbors for each feature point in S,
the computational complexity of the using K-D tree is about
O((Km + N)logN). Therefore, the complexity of Lines 2 and 7 in
Algorithm 1 is about O((>M_,K,, + MN)logN). It is the most time-
consuming step of the proposed ANTC. When the Kj, neighborhood

Ni¥ is obtained, its corresponding Kn(m < M) neighborhood Ny"
can be directly obtained from Nﬁfl_’”.

According to Eq. (12), the major cost of computing {&i}f; in
Line 8 only involves some addition operation. Its computational
complexity is less than O(MKyN). Moreover, calculating r;, deter-
mining p and Z using Eqs. (13) and (14) in Lines 3, 4, and 10 cost
O(N) complexity. There, the total time cost of the proposed ANTC
is about O(MKyN + (Km + N)logN). The space complexity of ANTC
is O(MKyN) due to the memory requirement for storing the neigh-
borhoods Ny and Ny™. As S")1 Ky is a constant and M < N. Thus
the time and space complexities of our method can be simply writ-
ten as O(NlogN) and O(N), respectively. That is to say, our ANTC has
linearithmic complexity which is significant for handling large-
scale problems or real-time applications.

3. Experiments

In this section, the public available datasets and the perfor-
mance measure used in this paper are introduced in Section 3.1.
Then, we compare our ANTC with several state-of-the-art feature
matching methods on VGG, Strecha, and remote sensing image
datasets in Section 3.2. Finally, the influence of the parameters
and the components are evaluated in Section 3.3.

- VGG Datasets [36]. VGG dataset contains 40 image pairs with
five different changes in images (i.e., viewpoint changes, scale
changes, image blur, JPEG compression, and illumination),
which is either geometric transformation or photometric trans-
formation. The ground truth homographies are supplied by the
dataset. Similar to VFC [18], an overlap error is used to deter-
mine the match correctness.

- Strecha Datasets [37]. Strecha dataset contains several wide-
baseline images, which is used for the multi-view stereo evalu-
ation. We create a total of 40 image pairs for the matching eval-
uation involving two sceneries. These images are twenty-fifth
size of the original image to accommodate slower algorithms
and the first image is designated as reference. We manually
check the ground truth for each putative match in each image
pair to ensure objectivity.

- Remote Sensing Image Datasets [34]|. The dataset contains
129 image pairs involving unmanned aerial vehicle images
(UAV), synthetic aperture radar images, color infrared
aerial photographs, and panchromatic aerial photographs.
The image deformations include rigid transformation, sev-
ere noise, projective distortions, ground relief variations
and large viewpoint changes. The ground truth is given
by [34].

The performance measures, Precision,Recall, and F — score,
are considered as evaluation indexes which are defined as
follows

Fod __ the true positive matches number

Precision = the preserved match number

__ the true positive matches number
Recall = the actually correct match number

— PrecisionxRecall
F —score = 2 x (Precision-+Recall)
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F-score is the comprehensive measure of the performance. The
matching method, which can stably find inliers from the contami-
nated correspondences, has a high F-score. The initial putative
matches with SIFT are established by using the open source
VLFEAT toolbox [38]. The K-D tree is used to construct the K near-
est neighbors. The experiments are performed in MATLAB R2018a
on Windows 10 operating system and run on an Intel(R) 2.5-GHz
machine with 4G RAM.

3.2. Experiments on feature matching

To verify the effectiveness of our ANTC with different image
types, we first test it on the VGG, Strecha, and remote sensing
image datasets. Our ANTC is compared with six state-of-the-arts:
RANSAC [13], ICF [17], GS [22], VFC [18], LPM [32], LMR [27]. In
particular, RANSAC is a traditional sampling-based method; ICF
and VFC are non-parametric-based interpolation methods; GS is
a graph matching method; LPM is a locality-neighborhood-based
method; and LMR is a learning-based method. We implement
them based on public available codes and all the parameters are
fixed throughout the experiments.

Fig. 2 illustrates the initial inlier ratio with respect to VGG, Stre-
cha and remote sensing datasets. Fig. 3 shows the quantitative
comparisons of the seven methods for the VGG, Strecha, and
remote sensing image datasets. Table 1 gives the average preci-
sions, recalls, and F-scores on three datasets. For the VGG dataset,
the average inlier ratio is about 32.74%, and the average number of
putative match is about 2344.75. For the Strecha dataset, the aver-
age inlier ratio is about 40.32%, and the average number of putative
match is about 556.63. For the remote sensing image, the average
inlier ratio is about 20.78%, and the average number of putative
match is about 868.85. Carefully observing Fig. 3 and Table 1, we
can see that RANSAC gives very low precision. This is because the
high outlier ratio increases the difficulty of obtaining an all-inlier
minimal subset for transformation estimation. For the VGG data-
set, ICF obtains high precision, whereas for Strecha and remote
sensing dataset, it gives low precision. ICF has low recall and F-
score for three datasets. GS obtains high precision but low recall
and F-score. VFC achieves low precision but high recall. LPM and
LMR give average precision, recall, and F-score. Our ANTC obtains
the best precision-recall trade-off. This confirms the high perfor-
mance of the proposed advanced consensus of neighborhood
topology and the guided matching strategy.

In order to estimate the computation efficiency of different fea-
ture matching methods, the time costs (seconds) for difference
methods on the three datasets are shown in Fig. 4. The average
run time (seconds) of the different approaches on three datasets
are listed in Table 2. From Fig. 4 and Table 2, we can see that the
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fastest matching method is LPM since it takes only linearithmic
time. Our proposed method is also very effective. For the VGG data-
set, the average runtime of the proposed method is only about
0.0290 s while LPM is about 0.0227 s. The same results are showed
by another two datasets experiments.

3.3. Influence of the components and the parameters

To verify the effectiveness of each part of our proposed ANTC
algorithm, we evaluate the influence of the various values of
threshold 7, the advanced consensus of neighborhood topology,
and the guided matching strategy. We denote the proposed ANTC
using primitive consensus of neighborhood topology defined in
LPM as ANTC-P, and the proposed ANTC without using the guided
matching strategy as ANTC-W.

3.3.1. Influence of various values of threshold t

In this section, we evaluate the influence of threshold t. The
threshold 7 is used to determine whether the putative match has
high consensus of neighborhood topology with its neighboring
average match and its value depends on three parameters (i.e.
R:,0;, and ). Usually, according to the motion coherence theory
[33], in the local neighborhood of the putative match, the differ-
ence both in length and angle between v; and the average vector
v; is not large for physical constraints. Therefore, in experiments,
we set R, from 0 to 1 with interval equal to 0.2 and 0, with values
0,%.%,%,% and % respectively. The aim of ¢ is used to enlarge the
influence that the change of the length and angle will cause to the
consensus of neighborhood topology and we empirically set
6 = 0.5. Table 3 gives the average precision-recall-F-score pairs
on the VGG dataset with different values of R; and 6,. From Table 3,
we can find that the average precision reduces with increased val-
ues of R; or 0, and the average recall rises. As shown in Table 3,
when R, =0.2 and 6, =%, the highest F-score can be obtained.
We substitute R, = 0.2 and 6; =% into Eq. (9), and then obtain
the optimal value of T = 1.84, which is the value of 7 used for
our experiments throughout this paper.

3.3.2. Influence of advanced consensus of neighborhood topology

We present the intuitionistic matching results of ANTC-P com-
pared with the complete ANTC in Fig. 5. The initial inlier ratio of
the Imagel, Image2, Image3 are 47.73%, 62.93%, 71.07%, and the
match number are 1741, 1025, 999, respectively. We report the
specific precision-recall-F-score statistics pairs of ANTC-P and
ANTC in Table 4. From Fig. 5 and Table 4, we can find that ANTC
achieves almost perfect precision-recall tradeoff. The proposed
advanced consensus of neighborhood method can enlarge the dis-
tributions of outliers and inliers making it easy to identify outliers.
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Fig. 2. Average inlier ratio. From left to right column: the initial inlier ratio of the three datasets VGG, Strecha and Remote rensing Datasets regarding the cumulative
distribution. A point with coordinates (x, y) on a curve indicates there are (100*x)% of image pairs, and their inlier ratio does not exceed y.
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Datasets. From the top row to the bottom row: precision, recall, and F-score with regard to the cumulative distribution.

Table 1
Average precision-recall-F-scores pairs (%) of different matching methods for three datasets.
Method VGG Strecha RS
RANSAC [13] (73.05, 82.03, 76.68) (72.41, 76.26, 73.88) (75.42, 74.02, 74.21)
ICF [17] (82.00, 56.70, 59.14) (76.42, 37.70, 37.27) (65.64, 69.36, 64.41)
GS [22] (87.74, 43.08, 57.00) (87.71, 72.73, 78.13) (96.45, 76.98, 85.06)
VFC [18] (72.22, 98.69, 77.99) (78.90, 87.22, 82.04) (85.88, 88.57, 86.47)
LPM [32] (82.95, 77.31, 79.14) (76.62, 81.73, 78.51) (86.18, 83.04, 84.27)
LMR [27] (79.03, 81.22, 79.69) (81.16, 79.87, 80.02) (84.67,92.43, 87.91)
Ours (90.18, 98.49, 93.20) (87.09, 88.31, 87.07) (91.07, 95.93, 93.24)

3.3.3. Influence of guided matching strategy

We also present the intuitionistic matching results of ANTC-W
compared with the complete ANTC in Fig. 6. To make the test more
challenging, we choose another three image pairs with low inlier
ratio. When the image pairs undergo complex transformation

construction based on the whole putative set is unreliable. Table 5

(e.g. large viewpoint changes in Image4, wide baseline in Image5,

and small overlap in Image6), the whole putative set will contain

large outlier proportion. The initial inlier ratio of the Image4,

Image5, Image6 are 18.28%, 27.87%, 19.56%, and the match number
are 2478, 689, and 869, respectively. In this case, the neighborhood
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3.4. Robustness analysis

gives the specific precision-recall-F-score statistics pairs of ANTC-
W and ANTC. From Fig. 6 and Table 5, we can find that our guided
matching strategy can effectively improve the matching results,
especially for recall- and F- score.

In order to investigate the generality of our proposed method,
we collect 38 image pairs referring to different features and objects
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Fig. 4. Comparison of computation efficiency of different methods on the three datasets. (Left to right) VGG, Strecha and Remote sensing Datasets.

Table 2
Average run time (ART) comparison on three datasets.
RANSAC [13] ICF [17] GS [22] VFC [18] LPM [32] LMR [27] Ours
VGG 2.9053 6.6299 31.956 0.8708 0.0227 0.1492 0.0290
Strecha 1.4498 0.9482 5.3450 0.7947 0.0160 0.3452 0.0182
RS 1.6732 1.0596 1.3902 0.6433 0.0084 0.0536 0.0256
Table 3
Average precisions, recalls and F-scores (%) on the VGG dataset with respect to different values of 0; and R;.
0c \ Re 0 0.2 0.4 0.6 0.8 1
0 (99.87, 76.85, 86.86) (97.32, 84.23, 90.30) (94.25, 87.32, 90.65) (92.76, 92.43, 92.59) (88.18, 98.49, 93.05) (80.24, 99.02, 88.65)
= (97.32, 84.23, 90.30) (94.25, 87.32, 90.65) (91.78, 92.43, 92.10) (86.54, 99.02, 92.36) (80.24,99.02, 88.65) (72.95, 99.12, 84.04)
z (93.97, 88.32, 91.06) (90.18, 98.49, 94.15) (85.28,99.02, 91.64) (79.47,99.12, 88.21) (70.23, 99.26, 82.26) (69.31, 99.32, 81.64)
z (88.18, 98.49, 93.05) (83.56, 99.02, 90.64) (75.44, 99.12, 85.67) (70.23, 99.26, 82.26) (67.78, 99.56, 80.65) (63.25, 99.56, 77.36)
I (80.24, 99.02, 88.65) (72.95, 99.12, 84.04) (69.31, 99.32, 81.64) (67.21, 99.56, 80.25) (62.88, 99.56, 77.08) (60.93, 99.56, 75.60)
z (67.78, 99.56, 80.65) (63.25, 99.56, 77.36) (60.93, 99.56, 75.60) (56.32, 99.56, 71.94) (56.32, 99.56, 71.94) (56.32, 99.56, 71.94)

i -IEIE;-:HH
i i 0 |‘E

-

(b)

Fig. 5. Qualitative results of ANTC-P and ANTC on three typical image pairs from the three datasets: (Top to bottom) VGG (Image1), Strecha (Image2), and RS (Image3). (a)
Mismatch removal result of ANTC-P. (b) Mismatch removal result of ANTC. The lines in the image pairs are the matching results with respect to the arrows in the motion field

(red = false positive, green = false negative, blue = true positive and black = true negative). For visibility, we randomly selected no more than 50 matches to be presented, and
do not show the true negative.
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Table 4
Precision-recall-F-score pairs (%) of ANTC-P and ANTC on three image pairs.
Imagel Image2 Image3
ANTC-P (98.61, 91.23, 94.77) (100.0, 91.01, 95.29) (99.86, 96.76, 98.28)
ANTC (100.0, 100.0, 100.0) (98.77, 100.0, 99.38) (98.88, 99.86, 99.37)

(a)

Fig. 6. Qualitative results of ANTC-W and ANTC on three typical image pairs from the three datasets: (Top to bottom) VGG (Image4), Strecha (Image5), and RS (Image6). (a)
Mismatch removal result of ANTC-W. (b) Mismatch removal result of ANTC. The lines in the image pairs are the matching results with respect to the arrows in the motion
field (red = false positive, green = false negative, blue = true positive and black = true negative). For visibility, we randomly select no more than 50 matches to be presented,
and do not show the true negative.

Table 5
Precision-recall-F-score pairs (%) of ANTC-W and ANTC on three image pairs.
Image4 Image5 Image6
ANTC-W (98.38, 40.18, 57.05) (96.00, 50.00, 65.75) (100.0, 80.59, 89.25)
ANTC (94.75, 99.56, 97.09) (96.05, 88.54, 92.14) (100.0, 100.0, 100.0)
including homes [39], architectures [40], vehicles and nature [36]. features and objects and it may be affected by the correspondence
We show the examples of the image pairs above in Fig. 7. The aver- distribution in the image pair.

age inlier ratio of homes, architectures, vehicles and nature are
42.3%, 35.7%, 27.4% and 45.4%, respectively. We test the perfor-
mance of our method and present the average precision, recall 4. Conclusion
and F-score with respect to these object types in Table 6. From

Table 6, we can find that our proposed method achieves satisfac- In this paper, we propose a simple yet efficient feature match-
tory matching results since the basic formulation is general enough ing method based on advanced neighborhood topology consensus
to deal with different object matching problems. Actually, the per- termed as ANTC. We formulate the feature matching problem

formance of outlier elimination techniques depends slightly on the into a mathematical model and adopt an advanced consensus of
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Fig. 7. Examples of the image pairs with respect to different objects.

Table 6
Precision-recall-F-score pairs (%) of the proposed method on different object types.

Homes Architectures

Vehicles Nature

ANTC (97.44, 96.88, 97.37)

(98.89, 99.36, 98.99)

(97.34, 99.38, 98.75) (98.47, 97.05, 98.21)

neighborhood topology to further exploit the topological structure
of the matches. Specifically, the use of the advanced consensus of
neighborhood topology can robustly recover the inliers from the
contaminated correspondences. An efficient guided matching
strategy can help to filter out most of the outliers and obtain a sub-
set with high ratio inliers, which can significantly boost the true
matches without sacrifice in accuracy. The experimental results
on various image types for feature matching demonstrate that
the proposed method outperforms the state-of-the-art methods.

In future work, to better introduce the proposed method to high
dimensional data analysis [41-43] (e.g. three-dimensional point
cloud registration, medical images registration) or Internet of
Things networks [44,45], both motion consistency and advanced
neighborhood topology consensus should be better defined. More-
over, the proposed method can be integrated into other well-
known feature matching pipelines to investigate the better combi-
nations. The code of our method is at: https://github.com/ly
z8023lyp/ANTC.
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