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Motion Consistency-Based Correspondence
Growing for Remote Sensing Image Matching

Yizhang Liu , Yanping Li , Luanyuan Dai, Taotao Lai , Changcai Yang , Lifang Wei, and Riqing Chen

Abstract— In this letter, we propose a remote sensing image
matching method that is simple yet efficient to deal with different
deformations. Inspired by the region growing strategy used in
image segmentation, we integrate the motion consistency into
the general region growing pipeline from a novel perspective.
Specifically, we first obtain a subset with a high ratio inlier
as the seed correspondence set. Then, to find more reliable
correspondences, we formulate the motion consistency into the
correspondence growing criterion, which is general to be suitable
to many remote sensing applications. Extensive experimental
results on the public available remote sensing data set show
that our method achieves the best performance compared with
state-of-the-art methods.

Index Terms— Image matching, motion consistency, region
growing, remote sensing.

I. INTRODUCTION

IMAGE matching is the prerequisite of many vision-based
tasks (e.g., image mosaic [1], image fusion [2], and 3-D

reconstruction [3]) in remote sensing scenery, which aims to
align the given image pairs captured from different viewpoints,
at different times or with different modalities. One of the
popular strategies to deal with image matching is feature-based
pipeline, and it mainly involves the following two steps [4]:

1) constructing initial putative matches based on the exist-
ing feature matching techniques, such as SIFT [5],
SURF [6], and ORB [7];
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2) seeking reliable correspondences from the putative sets
by imposing some geometric constraints [8].

In this letter, we mainly focus on step 2). During the past
several decades, a number of mismatch removal methods have
been developed. RANSAC [9] is one of the most well-known
resampling methods, which adopts a hypothesize-and-verify
procedure to sample the minimal subset with all inliers to
estimate parameters of the model by resampling. ICF [10]
is a representative nonparametric interpolation method, and it
learns a pair of correspondence functions based on some geo-
metrical prior information. LFGC [11] is a deep learning-based
method that is the first one to introduce deep learning into the
mismatch removal problem. GMS [12] and LPM [13]–[15]
are motion consistency-based methods that are based on the
intuitive observation that correct matches have similar motion
behavior.

Nevertheless, there still exists some challenges to be solved.
Specifically, for resampling methods, they need a predefined
model assumption, and it will be less efficient to deal with
complex nonrigid transformation. For the nonparametric inter-
polation methods, they commonly have cubic complexities,
which limits their applications on real-time tasks. Besides,
the performance of the above two techniques is significantly
affected by the inlier ratio of the putative set. With a decreased
inlier ratio, the performance of these methods will be largely
degraded, and vice versa. Although deep learning can extract
more abstract information from the given data, its performance
substantially depends on the specific data that are used to
train. Therefore, it is not robust enough to deal with different
image types and transformations. It is worth noticing that
the formulation of motion consistency-based methods is quite
simple; therefore, it can accomplish the mismatch removal
from thousands of putative matches in a few milliseconds,
and it can also be suitable for various image transformations.
However, sometimes, the current motion consistency-based
methods cannot achieve satisfactory matching results because
of filtering out some inliers by mistake. Therefore, to solve
this problem, a more robust and better precision–recall tradeoff
method is desirable.

In this letter, we propose a remote sensing image matching
method from a novel perspective. Inspired by the region
growing strategy used in image segmentation, we integrate the
motion consistency into the general region growing pipeline.
The schematic illustration of our proposed method is shown
in Fig. 1. We first construct initial putative matches, as shown
in Fig. 1(a), which contains both inliers (marked in yellow) and
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Fig. 1. Schematic illustration of our method on two remote sensing images. (a) Initial putative matches, where yellow and red arrows indicate inliers
and outliers, respectively. (b) Initial seed correspondences (marked in black). (c) Process of correspondence growing, where red and blue circles indicate
the neighborhood of initial seed correspondences and the newly added seed correspondences, respectively. (d) Final results obtained by the process of
correspondence growing terminated.

outliers (marked in red). Then, we obtain a subset with high
ratio inliers as the initial seed correspondences by imposing
strict motion consistency constraint on the constructed putative
sets, as shown in Fig. 1(b). After that, we formulate the
motion consistency into a correspondence growing criterion.
Specifically, if a putative match satisfies the criterion, it will be
regarded as a new seed correspondence, as shown in Fig. 1(c).
Finally, when the growing process of all seed correspondences
terminates, all the seed correspondences constitute the inlier
set, as shown in Fig. 1(d).

Overall, the contributions of this letter are twofold: 1) we
propose a correspondence growing framework for remote
sensing image matching and integrate the motion consistency
into this framework and 2) we redefine two important issues
of region growing technique in the content of feature matching
and give a general solution.

II. METHOD

In this letter, we first obtain M putative matches S =
{(xi , yi)}M

i=1 extracted from two remote sensing images by
using SIFT [5], where xi and yi are the spatial coordinates of
the corresponding feature points. Besides, we use K nearest
neighbors under the Euclidean distance to represent the region
around a feature point. There are two important issues in
the correspondence growing method, namely, the initial seed
correspondences, and the growing criterion and process. In the
following, we will introduce them in detail.

A. Selection of Initial Seed Correspondences

As we know, a suitable selection of initial seed points has
an important impact on the final image segmentation results.
Likewise, in the proposed framework, a good initialization will
benefit the final matching results. In the context of feature
matching, seed points are replaced by the seed correspon-
dences; therefore, we aim to find a subset of some reliable
correspondences from the initial putative set to initialize our

Fig. 2. Illustration of the defect of ratio test strategy in the case of repetitive
structures.

algorithm. During the past several decades, there are many
well-designed techniques that can achieve this goal [3], [5],
[16], [17]. Nevertheless, many repetitive structures in the
remote sensing images make the performance of these descrip-
tor information-based methods largely degraded. Specifically,
the ratio test strategy of the nearest neighbor and the second
nearest neighbor will filter out most inliers between the
similar structures (with similar descriptors), which will not be
beneficial to the process of correspondence growing. We show
an example in Fig. 2. x1 is a feature point in the left image,
and y1 is its corresponding feature point in the right image
according to the nearest neighbor strategy. Due to similar
neighborhood information, these five feature points (x1, y1,
y2, y3, and y4) have similar descriptors. According to the ratio
test strategy [5], the correct match (x1, y1) will be filtered out
and not be regarded as a seed correspondence leading to the
failure of finding other potential correct matches (marked in
blue) [18]. Therefore, we propose a method of selecting initial
seed correspondences by using motion consistency. Generally,
it is clear that an inlier will have more supporters (other
inliers) in its neighborhood due to similar motion behavior.
Conversely, an outlier will have no or fewer supporters (other
outliers) since the mistakes have randomly appeared, as shown
in Fig. 1(a). Hence, the motion consistency for a putative
match (xi , yi) can be formulated as

�i = Ni/K (1)
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Fig. 3. Example of outliers in the initial seed correspondences.

where Ni is the number of neighboring matches with respect
to the putative match (xi , yi) and K is the number of nearest
neighbors of feature points. We denote the neighborhood of
feature point xi and yi as Nxi and Nyi , respectively. It is easy to
know that �i ∈ [0, 1]. Ideally, for an inlier (xi , yi), �i is close
to 1, and for an outlier (x j , y j), � j is close to 0. Therefore,
we can use a predefined threshold λ to obtain a subset with
high ratio inliers as seed correspondence set

Sι = {xi |�i > λ, i = 1, 2, . . . , M}. (2)

B. Growing Criterion and Process

To find more correct matches, the process of correspon-
dence growing starts from the initial seed correspondences
to adjacent correspondences with similar motion properties
according to a similarity criterion. In fact, two nearby inliers
have little difference both in length and angle under the
Euclidean distance due to physical constraint, and it will be
quite different for outliers [19]. We quantize the difference by
designing a weighted distance d(vi , v j ) as follows:

d(vi , v j ) = ϒ(vi , v j ) + ξ · �(vi , v j ) (3)

with

ϒ(vi , v j ) = max
{|vi |,

∣∣v j

∣∣}
min

{|vi |,
∣∣v j

∣∣) − 1 (4)

where vi is the replacement vector of putative match (xi , yi)
(an initial seed correspondence) and v j is the replacement
vector of its neighboring match (x j , y j ). ϒ(vi , v j ) is the ratio
of length of vi and v j . �(vi , v j ) is the angle between vi and v j .
ξ is a weighted coefficient to trade off these two terms. Ideally,
if vi and v j have high motion consistency, d(vi , v j ) will be
close to 0, and if they have no or less motion consistency,
d(vi , v j ) will be relatively far away from 0. Therefore, we can
use a predefined threshold τ to determine whether a putative
match (x j , y j) can be regarded as a seed correspondence
according to the following rules:

c
(
v j

) =
{

0, d
(
vi , v j

) ≥ τ

1, d
(
vi , v j

)
< τ.

(5)

Specifically, if c
(
v j

) = 1, the putative match (x j , y j) will
be newly added as a seed correspondence; otherwise, it will
not be regarded as a seed correspondence in current grow-
ing process. In fact, the seed correspondences may contain
outliers due to relatively loose motion consistency constraint.
We show an example in Fig. 3. In this case, both Ni and K

Algorithm 1: Pseudocode of the Proposed Method

Input: putative set S = {(xi , yi)}M
i=1,parameters

K ,λ,ξ ,τ ,α
Output: inlier set I∗

1 Initialize j = 0;
2 Construct neighborhoods {Nxi , Nyi }M

i=1 based on S;
3 Obtain a subset with high ratio inlier Sj using Eq. (2);

repeat
4 Construct neighborhoods {Nxi , Nyi }M

i=1 based on Sj ;
5 j = j + 1;
6 Obtain a subset with high ratio inlier Sj using Eq. (2);
7 until j ≥ 2;
8 Determine an initial seed correspondence set Sι = Sj ;
9 Correspondence growing using Eq. (5);

10 Calculate {p(vi )}M
i=1 using Eq. (6);

11 Determine the inlier set I∗ using Eq. (7);

are equal to 3, and �i is equal to 1. It is easy to know
that the putative match (xi , yi ) will be selected as a seed
correspondence according to (2). It is obvious that (xi , yi ) is an
outlier (marked in red), and the mistake is caused by ignoring
the neighborhood topology consensus of seed correspondence.
Therefore, we denote 	i as the number of newly added seed
correspondences associated with the putative match (xi , yi),
and to enhance the robustness, we determine whether a seed
correspondence is inlier by comparing 	i with a predefined
threshold α as follows:

p(vi ) =
{

0, 	i < α

1, 	i ≥ α.
(6)

Specifically, p(vi ) = 1 points to an inlier, and p(vi ) = 0
denotes an outlier. Hence, the final inlier set I∗ can be
obtained with no seed correspondence increased, which can
be determined by

I∗ = {vi | p(vi) = 1, i = 1, . . . , M}. (7)

C. Completed Proposed Method

The proposed method is summarized in Algorithm 1, which,
from a novel perspective, formulates the feature-based remote
sensing image matching as a motion consistency-based corre-
spondence growing method. In order to obtain a more reliable
seed correspondence set, we adopt a coarse-to-fine strategy to
obtain a subset with high ratio inliers in case of heavy outliers.
Specifically, we first construct the neighborhood for each
feature point based on the initial putative set S. Then, we filter
out some distinct outliers using (2) with λ = 0.1 obtaining
a subset and use it for the next round of neighborhood
construction of each feature point. It is clear that a large
value of λ will increase the inlier ratio and simultaneously
decrease the number of inliers of the subset and vice versa.
Therefore, we repeat the above process with λ = 0.3 and
λ = 0.5 in the next two rounds, respectively. It is clear that
the large value of K , λ, and α will increase the precision
and simultaneously decrease the recall of the initial seed

Authorized licensed use limited to: TONGJI UNIVERSITY. Downloaded on December 05,2024 at 12:28:41 UTC from IEEE Xplore.  Restrictions apply. 



8005905 IEEE GEOSCIENCE AND REMOTE SENSING LETTERS, VOL. 19, 2022

Fig. 4. Feature matching results of our method in four typical remote sensing image pairs. For each image pair, we show the correspondences identified by
our method and its corresponding motion field (blue = true positive; black = true negative; red = false positive; and green = false negative). For visibility,
no more than 100 matches are randomly selected to be shown.

Fig. 5. Quantitative comparisons of RANSAC [9], ICF [10], GMS [12], and LPM [13] with our proposed method. A point with coordinates (x, y) on a
curve of (a), (b), (c) and (d) indicates there are (100 ∗ x)% of image pairs, and their precision, recall, F-score and run time do not exceed y, respectively.

correspondences. With obtained seed correspondence set Sι,
we can achieve the process of correspondence growing by
using (5) and determine the inlier set using (6) and (7). In our
evaluation, we set the default values as K = 20, 10, and 9
in the three rounds, respectively, and ξ = 0.1, τ = 0.15, and
α = 3.

III. EXPERIMENTAL RESULTS

In this section, we test the performance of our proposed
method on the public available remote sensing data set [20],
in which there are 161 image pairs involving four image types:
synthetic aperture radar (SAR) images, panchromatic aerial
photographs (PAN), unmanned aerial vehicle (UAV) images,
and color infrared aerial photographs (CIAP). The challenges
include severe noise, ground relief variations, multiple similar
structures, and nonrigid transformation. The average inlier
ratio and match number with respect to the data set are 68.76%
and 918.32, respectively. All experiments are conducted on a
laptop with Windows 10 operating system, Intel 1.60 GHz,
16-GB RAM, and MATLAB code. We use precision, recall,
F-score, and run time to describe the performance and effi-
ciency of the methods.

We first present the intuitive matching results on four typical
image pairs (SAR049, PAN083, UAV007, and CIAP126)
in Fig. 4 and the detailed statistical data in Table I. These
image pairs suffer from affine distortion, small overlap, pro-
jective distortion, and rigid transformation, respectively. From

TABLE I

STATISTICAL DATA (%) WITH RESPECT TO THE TYPICAL IMAGE

PAIRS OF OUR PROPOSED METHOD

Fig. 4 and Table I, we can see that the proposed method obtains
satisfactory matching results especially in recall statistics,
which benefits from the process of correspondence growth.
Our proposed method can even solve the feature matching
problem in the case of an extremely low inlier ratio in the
putative set (e.g., image pair CIAP126), which benefits from
the strategy of selection of the initial seed correspondences.

Then, we show the quantitative comparisons of RANSAC
[9], ICF [10], GMS [12], and LPM [13] with our proposed
method on the whole data set in Fig. 5. Carefully observing
Fig. 5, we can find our proposed method achieve higher
precision statistics than RANSAC, LPM, and LMR in most
cases but only slightly lower than ICF in a few cases [see the
upper left corner of Fig. 5(a)]. Note that, for the recall statistics
[see Fig. 5(b)], we achieve the best results than any other
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competitor, which also demonstrates the effectiveness of the
motion consistency-based correspondence growing strategy.
Overall, our method obtains the best precision–recall tradeoff
reflected in the F-score statistics [see Fig. 5(c)]. In addition,
from Fig. 5(d), we can find that our proposed method can
accomplish mismatch removal within tens of milliseconds over
1000 putative matches and is much faster than RANSAC
and ICF. Since our proposed method focuses on finding
more accurate inliers by several iterations, the computational
complexity is relatively larger than GMS and LPM.

IV. CONCLUSION

In this letter, we propose a motion consistency-based
correspondence growing method for remote sensing image
matching, which is designed from a novel perspective by
combining the simple yet effective motion consistency with
the region growing framework. We redefine two important
issues of region growth in the context of feature matching
and present a general solution. Specifically, a subset with
a high ratio inlier as the seed correspondence set gives the
better initialization and makes the algorithm quickly con-
verged. The growing criterion is based on intuitive obser-
vation and does not rely on any predefined transformation,
and hence, it can be suitable for many remote sensing
tasks. The qualitative and quantitative results demonstrate
the superiority of our proposed method over state-of-the-art
competitors.

In the future, we will investigate another strategy to obtain
a more reliable seed correspondence set and effective corre-
spondence growing criterion. Besides, we will combine our
proposed algorithm with other high-level applications, such as
remote sensing image fusion and target detection.
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