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Abstract— In this article, we present a feature-based remote
sensing (RS) image matching method termed progressive motion
coherence (PMC). We formulate the matching problem into a
mathematical model and derive a closed-form solution. The objec-
tive function is only based on two novel coherence constraints,
namely, efficient neighborhood element coherence and relative
order-aware motion coherence, and hence, it is general enough
and can be applied to RS image matching with different image
types and degradations. The efficient neighborhood element
coherence uses the Jaccard distance to measure the dissimilarity
of two neighborhoods, which are lists composed of k nearest
neighbors of feature points. To prevent overpenalization on the
outliers, we combine it with an exponential function, which is
simple yet efficient. The relative order-aware motion coherence
is an alternative to motion smoothness, which is based on the
observation that the relative order of neighboring matches for
inliers in a small region can be well preserved, while for outliers,
the relative order changes greatly. The above two coherences are
robust to large rotation changes and low ratio inliers. Extensive
experiments on five RS image datasets compared with seven state
of the arts demonstrate that our PMC is more efficient and robust
than the competitors.

Index Terms— Image matching, motion coherence, relative
order aware, remote sensing (RS).

I. INTRODUCTION

REMOTE sensing (RS) image matching is a fundamental
prerequisite for many RS tasks, such as image stitch-

ing [1], [2], change detection [3], mapping sciences [4], [5],
and image fusion [6], [7]. Image matching aims to align a pair
of RS images captured from the same scene but at different
times, from different perspectives, or by different sensors.
The technologies developed for RS image matching can be
roughly subdivided into two categories, namely, intensity-
and feature-based methods [8], [9], [10]. The intensity-based
methods utilize the initial pixel intensities in the overlapped
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area of two RS images with a particular similarity metric
to find the matching information. These approaches solely
consider the pixel intensities, which will be problematic
when the image pairs suffer from illumination changes and
repetitive structures. The above two challenges are often the
cases in the RS image matching problem. Furthermore, the
computational complexity is related to the number of pixels,
which is not suitable for real-time RS image matching tasks.
By contrast, feature-based methods focus on the extracted
salient or abstract features of the images (e.g., scale invariant
feature transform (SIFT) [11] and learned invariant feature
transform (LIFT) [12]) and match them according to a specific
similarity metric together with the geometric constraint as
a postprocessing procedure. In addition, the discriminative
feature points can be regarded as representative of the images,
and hence, they are more general than pixel intensities. Since
the extracted features are robust to noise, illumination changes,
translation/rotation/scale changes, and the number of feature
points is much less than the number of pixels, the major
research trend in RS image matching has been the feature-
based techniques.

The feature-based pipeline mainly includes four steps,
namely, feature extraction, feature description, feature match-
ing, and outlier removal. In this article, we focus on the
outlier removal problem, i.e., seeking reliable matches from
the initial putative match set and rejecting the outliers, where
the putative match set is constructed by matching those
feature points (from different images) with the most similar
feature descriptors. Since the RS image pairs to be matched
may be obtained by different sensors and they may also
undergo various degradations, such as severe noise, ground
relief variation, small overlap, repetitive structures, viewpoint/
illumination/scale/rotation changes, and nonrigid distortion,
the descriptors are not discriminative enough, and the initial
putative match set will contain a lot of outliers. Thus, it is
significant to develop a robust and efficient outlier removal
method for RS image matching.

In recent years, many outlier removal methods have been
proposed, and they have achieved promising results. Never-
theless, there are still some challenges to be solved. First,
parametric model-based methods need to assume a specific
transformation between two images in advance so as to
estimate the parameters of the model iteratively. In fact, in real-
world scenes, the transformation between the image pairs
is usually unknown, and sometimes, it is not even possible
to model with parameters. Thus, parametric model-based
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methods fail to perform well in the case of complex and non-
rigid transformations. Second, iterative-based methods can-
not guarantee the optimal solution when the initial putative
match set contains a large proportion of outliers, and they
are extremely time-consuming. Third, motion coherence-based
methods are based on the slow-and-smooth assumption that
correct correspondences are smooth in a small region. Actu-
ally, when the image pairs suffer from large rotation changes
and the feature points are sparse in the local region, even the
correct matches are hard to satisfy the smoothness constraint.
In the aforementioned cases, the performance of motion
coherence-based methods is degraded severely.

To address the challenges described above, we propose
a method termed progressive motion coherence (PMC) for
RS image matching. According to the motion coherence the-
ory [13], if two feature points are close, they probably belong
to the same object and thus tend to move together. In other
words, for an inlier, there are many matches (e.g., inliers) in
its local neighborhood. Conversely, for an outlier, there are
fewer or no matches in its local neighborhood. Therefore, the
number of neighboring matches with respect to a match can
be used to measure the probability that a match is an inlier
or outlier. Besides, although the assumption of smoothness
constraint in the coherence-based method may not hold (e.g.,
in the case of large rotation changes), we find that the relative
order of neighboring matches for inliers in a small region
can be well preserved, while for outliers, the relative order
changes greatly. Combining the above two coherences, we can
efficiently distinguish outliers from inliers in linear time.

In summary, this work makes the following contributions.
First, we formulate the outlier removal as a mathematical
model and derive a closed form. The objective function is
only based on two novel coherence constraints, and hence,
it is general and can be applied to RS image matching with
different image types and degradations. Second, we improve
existing neighborhood element coherence, which is linear
and sensitive to the ratio of inliers. The proposed efficient
one is nonlinear, and its curve has “long tail,” which can
prevent overpenalization on the outliers. Third, to the best of
our knowledge, we are the first to introduce the invariance
of the relative order of neighboring matches for inliers in
a small region to the motion coherence-based framework,
which is more general and robust to outliers than existing
ones. Experiments validate our method’s superiority over the
comparable state of the arts.

The rest of this article is organized as follows. Section II
introduces the related works. Section III presents the details
of our method. Section IV discusses the experimental results
with respect to feature matching and image registration tasks.
Section V provides the conclusion.

II. RELATED WORK

To solve the aforementioned challenges, a number of outlier
removal methods have been proposed, which can be roughly
divided into traditional (nonlearning) methods and learning-
based methods. Here, we briefly overview the related work.

The random sample consensus (RANSAC) [14] and its
variants [15], [16], [17], [18], [19], [20], [21] are the most
classic methods for the outlier removal problem. These meth-
ods attempt to find the outlier-free subset to estimate the
parameters of the predefined models by iterative resampling.
Generally, these methods can achieve satisfactory results when
the following conditions hold: 1) the distribution of inliers
can be explained by a parametric model and the outliers do
not fit this model and 2) the ratio of inliers is relatively
high. However, when the image pairs suffer from nonrigid
transformations and the ratio of inliers is extremely low (e.g.,
≤20%), these resampling-based methods fail to achieve good
performance.

The nonparametric interpolation methods include identi-
fying correspondence function (ICF) [22] and vector field
consensus (VFC) [23] and its variants [24], [25], [26]. The ICF
aims to find a correspondence function that optimally maps a
point in one image to its corresponding point in the other.
Those matches that are inconsistent with the correspondence
function have been rejected. VFC solves the matching problem
by interpolating a slow-and-smooth motion field, and its vari-
ants impose manifold regularization on the motion field. These
methods can deal with nonrigid transformations and tolerate
some outliers in the initial sets. Nevertheless, they suffer from
cubic complexity, which is not suitable for real-time tasks.

The motion coherence-based methods, such as locality
preserving matching (LPM) [27], grid-based motion statistics
(GMS) [28], RFMSCAN [29], LAF [30], and MTOPK [31],
are commonly based on the fact that inliers are consistent
with each other in a small region, while outliers are ran-
domly distributed. The LPM determines the correctness of
each putative match by counting the number of neighboring
matches. The GMS uses a predefined grid to accelerate the
matching process. The RFMSCAN aims to adaptively cluster
the putative matches into several motion-consistent clusters.
The LAF regards outliers as noise and uses a linear adaptive
filtering technique to filter out the outliers. The MTOPK
measures the difference of ranking lists with respect to two
matched feature points to reject outliers. These methods do
not define any parametric model, and hence, they are general
enough to be applied to fields with different image types and
degradations.

The learning-based methods, such as LMR [32] and its vari-
ant [33], LFGC [34], NMNet [35], OANet [36], LMCNet [37],
and MS2DGNet [38], make use of the powerful feature repre-
sentative ability of the neural network to train a network for
outlier removal. The LMR formulates the motion coherence
of inliers into features to be trained. The LFGC is the first
attempt that uses deep learning architecture to achieve outlier
removal. The NMNet conquers the dilemma that LFGC cannot
deal with multiple consistencies. The OANet, LMCNet, and
MS2DGNet improve the design of the network and achieve
good performance on several public datasets. Nevertheless,
a massive amount of data and a lot of computational power
are the basis of good performance. In the field of RS, due
to the difficulty of data acquisition, it is hard to find a large
amount of data to train the network.
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Technically, the LPM is the published work most rele-
vant to our PMC. It converts the motion smoothness into a
measurement based on the number of neighboring matches.
Furthermore, it presents a term, namely, the consensus of
neighborhood topology, which is based on the relationship
of the length and angle between a match and its neigh-
boring matches. The LPM can provide satisfactory results
when the motion smoothness holds. However, in the case of
large rotation changes and low ratio inliers, its performance
degrades greatly. Our PMC improves its neighborhood element
coherence and provides an alternative to motion smoothness,
which can adapt well to the above two challenges.

III. METHOD

A. Problem Formulation

Given a pair of images I1 and I2, we can use traditionally
handcrafted feature descriptors (e.g., SIFT [11]) or newer deep
learning-based ones (e.g., Superpoint [39]) to construct a set
of putative matches based on a specific matching strategy.
Generally, due to the ambiguity of the feature descriptors, the
putative set inevitably contains many outliers. Hence, a robust
and reliable outlier removal method is indispensable. In the
following, we will introduce the proposed method in detail.

Suppose that we have obtained a putative set containing
N matches S = {(xi , yi)}N

i=1, where xi and yi denote the
spatial coordinates of feature points. According to the motion
coherence theory [13], inliers are consistent with each other in
a small region, which is in accordance with the intuitionistic
observation. Recently, several motion coherence-based meth-
ods have shown promising results in mismatch removal [27],
[28], [32], [40], [41]. The number of neighboring matches with
respect to a match has been used as a significant property for
judging the matching correctness. Nevertheless, the number of
neighboring matches with respect to different inliers may also
vary a lot. Therefore, it is hard to find a suitable threshold
to separate outliers from inliers. To solve this dilemma,
we formulate the motion coherence from a novel perspective.

B. Efficient Neighborhood Element Coherence

Formally, we define Nk
xi

as the k nearest neighbors of feature
point xi under the Euclidean distance in image I1

Nk
xi

= �xi
1, xi

2, . . . , xi
k

�
, |Nk

xi
| = k (1)

where | · | denotes the cardinality of a set and Nk
xi

is an
unordered set. Similarly, we can also construct neighborhood
for feature point yi in image I2, namely, Nk

yi
. Ideally, if the

match (xi , yi ) is an inlier, the neighborhoods Nk
xi

and Nk
yi

will be totally identical (i.e., its neighboring matches are all
inliers). However, in real-world scenes, there will be noise or
outliers in Nk

xi
and Nk

yi
due to image degradations and complex

transformations. Therefore, the dissimilarity between Nk
xi

and
Nk

yi
can be calculated by the Jaccard distance as follows:

dJ

�
Nk

xi
, Nk

yi

�
= 1 − |Nk

xi
∩ Nk

yi
|

|Nk
xi

∪ Nk
yi
| . (2)

Obviously, if Nk
xi

and Nk
yi

are totally identical, |Nk
xi

∩ Nk
yi
| =

|Nk
xi

∪ Nk
yi
| leads to dJ (Nk

xi
, Nk

yi
) = 0. Conversely, if Nk

xi

Fig. 1. Illustration of the efficient (marked in green) and original (marked
in yellow) neighborhood element coherence.

and Nk
yi

are completely different, |Nk
xi

∩ Nk
yi
| = 0 leads to

dJ (Nk
xi
, Nk

yi
) = 1. Although the above distance can capture

the dissimilarity of neighborhood between feature point xi and
yi , there still remains one problem. To simplify the statement,
we denote |Nk

xi
∩ Nk

yi
| as ni (0 ≤ ni ≤ k), and |Nk

xi
∪ Nk

yi
| is

equal to 2k − ni . Thus, we can rewrite the Jaccard distance
in (2) as

dJ

�
Nk

xi
, Nk

yi

�
= 2k − 2ni

2k − ni
. (3)

It is easy to obtain that the first and second derivatives of
dJ (Nk

xi
, Nk

yi
) with respect to ni are both less than zero. Thus,

dJ (Nk
xi
, Nk

yi
) is a decreasing and concave function. However,

we hope that the value of the penalty function decreases
from fast to slow as ni increases, which means that the
penalty function should be a decreasing and convex function.
Fortunately, the exponential function y = ax (0 < a < 1) can
well meet this requirement. Therefore, we propose a simple
yet efficient strategy to redefine dJ (Nk

xi
, Nk

yi
) as

dJ

�
Nk

xi
, Nk

yi

�
= 2k − 2ni

2k − ni
· ani (4)

where a is a constant to control the degree of attenuation of
the penalty curve.

Compared with the original neighborhood element coher-
ence used in LPM [27] and LMR [32], our proposed efficient
neighborhood element coherence is not sensitive to noise and
outliers. As shown in Fig. 1, the relationship between the
number of neighboring matches ni with respect to the putative
match (xi , yi) and the distance d in LPM [27] and LMR [32] is
linear, and even if ni = (k/2) holds, we have d = 0.5, which
is still large. When the initial putative match set contains many
outliers, the value of distance d for inliers is easily less than
0.5, which leads to a misjudgment about this situation. Con-
versely, the curve of our proposed one is nonlinear, which has
“long tail” and can prevent overpenalization on the outliers.

C. Relative Order-Aware Motion Coherence

It is noticeable that the Jaccard distance aims to exploit the
neighborhood element coherence and it ignores the relative
order of the neighbors, which will be problematic in some
cases. We show an example in Fig. 2. For a putative match
(xi , yi), we first extract the k nearest neighbors for xi and yi ,
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Fig. 2. Sample fails to identify outliers only using neighborhood element
coherence. The arrows in red and yellow denote the identified match and its
neighboring matches, respectively (red denotes outliers and yellow denotes
inliers).

respectively. In this case, k and ni are both equal to 4.
According to (4), it is easy to obtain that dJ (Nk

xi
, Nk

yi
) = 0,

which means zero cost. Obviously, (xi , yi) is an outlier, which
has been misjudged.

To conquer this problem, we propose a relative order-aware
motion coherence, which mainly exploits the invariance of
the relative order of inliers in a small region. Specifically,
similar to [31], we denote σ(xi) and σ(yi) as the ranking lists,
consisting of the k nearest neighbors of the feature point xi

and yi , respectively. Then, we define the overlapped ranking
list with respect to xi and yi as

σ̂ (xi ) = �
x j |x j ∈ σ(xi) ∩ σ

�
yi

��
(5)

σ̂
�
yi

� = �
y j |y j ∈ σ(xi) ∩ σ

�
yi

��
. (6)

Obviously, we can find that σ̂ (xi) and σ̂ (yi ) have the same
elements but different relative orders according to (5) and (6).
Inspired by the Levenshtein distance, the relative order-aware
motion coherence between σ̂ (xi) and σ̂ (yi ) can be defined as

dS
�
σ̂ (xi), σ̂

�
yi

��

=

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

|σ̂ (xi)| if |σ̂�yi

�| = 0

|σ̂�yi

�| if |σ̂ (xi )| = 0

dS
�
t(σ̂ (xi)), t

�
σ̂
�
yi

���
if σ̂ (xi)[0] = σ̂

�
yi

�
[0]

ϕ
�
σ̂ (xi), σ̂

�
yi

��
otherwise

(7)

with ϕ(σ̂ (xi ), σ̂ (yi )) defined as

ϕ
�
σ̂ (xi ), σ̂

�
yi

�� = 1 + min

⎧⎪⎨
⎪⎩
�
dS

�
t(σ̂ (xi)), σ̂

�
yi

��− 1
�

dS
�
σ̂ (xi ), t

�
σ̂
�
yi

���
dS

�
t(σ̂ (xi)), t

�
σ̂
�
yi

��� (8)

where t (σ̂ (xi)) is a list of all but the first element of σ̂ (xi)
and σ̂ (xi )[n] is the nth element of the list σ̂ (xi ), starting with
element 0. In information theory, the Levenshtein distance
between two lists is the minimum number of single-element
edits (e.g., deletions, insertions, and substitutions) required
to change one list into the other. It is noticing that the
first element in the minimum of (8) corresponds to deletion
(from σ̂ (xi) to σ̂ (yi )). Since σ̂ (xi) and σ̂ (yi) have the same
elements, to make the modified σ̂ (xi) equal to σ̂ (yi), the
deleted elements must be inserted at the specified position
of σ̂ (xi ). Therefore, to avoid double counting the number of
operations, the first element in the minimum of (8) should
be dS(t (σ̂ (xi )), σ̂ (yi )) − 1 instead of dS(t (σ̂ (xi)), σ̂ (yi)).

Fig. 3. Illustration of the relative order-aware motion coherence.

Fig. 4. Sample fails to identify inliers using the difference in length and
angle between the putative match (xi , yi ) and its neighboring matches. The
arrows in blue and yellow denote the match to be identified and its neighboring
matches, respectively (blue and yellow both denote inliers).

If two lists have more elements with consistent relative order,
the distance will be smaller and vice versa. To normalize
dS(σ̂ (xi), σ̂ (yi )), we multiply it with 1/|σ̂ (xi )|, converting the
value into [0, 1).

We show an example in Fig. 3 to revisit the whole process of
the relative order-aware motion coherence. First, we construct
k nearest neighbors (e.g., k = 7) for xi and yi and obtain the
ranking lists σ(xi ) and σ(yi). Then, we can obtain the over-
lapped ranking lists σ̂ (xi) and σ̂ (yi) according to (5) and (6).
Note that σ̂ (xi ) and σ̂ (yi) have the same elements but different
relative orders. We calculate their distance dS(σ̂ (xi), σ̂ (yi )) by
using (7) and (8). In this example, we just do one operation,
i.e., deleting the element c from σ̂ (xi) and σ̂ (yi ), which will
make the rest of σ̂ (xi ) and σ̂ (yi ) to be identical.

Therefore, the value of dS(σ̂ (xi), σ̂ (yi )) is 0.2 in this case,
which is small and make it easy for the putative match (xi , yi )
to be regarded as an inlier with a fixed threshold.

By contrast, recently published [27] and its variants [32],
[42], [43] solve the problem in Fig. 2 by comparing the
difference in length and angle between the putative match
(xi , yi) and its neighboring matches. However, this strategy
is seriously sensitive to large rotation changes. As shown in
Fig. 4, the match (xi , yi ) is not consistent with its neighboring
matches both in length and angle. Therefore, it is easy to
be regarded as an outlier. On the contrary, according to our
relative order-aware motion coherence, the overlapped ranking
lists σ̂ (xi ) and σ̂ (yi ) are completely identical both in elements
and their relative orders. Thus, dS(σ̂ (xi), σ̂ (yi )) is equal to
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zero, which means that the relative order of neighboring
elements for inliers has been well preserved with zero cost.
Accordingly, match (xi , yi) can be easily regarded as an inlier
by our proposed strategy.

D. Objective Function and Solution

Based on the above two coherences, we denote I as the
unknown inlier set and formulate the outlier removal problem
into a mathematical model with the objective function as

I∗ = arg min
I

C(I; S, λ) (9)

where C is the cost function

C(I; S, λ) =
�
i∈I

�
dJ

�
Nk

xi
, Nk

yi

�
+ dS

�
σ̂ (xi ), σ̂

�
yi

���
+λ(N − |I|) (10)

where dJ (Nk
xi
, Nk

yi
) is the efficient neighborhood element

coherence and dS(σ̂ (xi ), σ̂ (yi )) is the relative order-aware
motion coherence. The first term of the cost function penalizes
any match that violates the above two coherence conditions
and the second is a regularization term that discourages
outliers, with the parameter λ > 0 controlling the tradeoff
between the two terms. To indicate the correctness of each
putative match, we introduce an N × 1 binary vector p =
[p1, p2, . . . , pn], where pi ∈ {0, 1}. Specifically, pi = 1 points
to an inlier and pi = 0 points to an outlier. Therefore, the cost
function can be rewritten as

C(p; S, λ) =
N�

i=1

pi

�
dJ

�
Nk

xi
, Nk

yi

�
+ dS

�
σ̂ (xi), σ̂

�
yi

���

+λ



N −

N�
i=1

pi

�
. (11)

Since the distribution and ratio of inliers are different for
different image pairs, the optimal value of k may vary, render-
ing a fixed value of k unsuitable for general feature matching
task. Therefore, considering using multiscale K = {km}M

m=1
nearest neighbors for the neighborhood construction, the cost
function turns out to be

C(p; S, λ) =
N�

i=1

pi

M

M�
m=1

�
dJ

�
Nkm

xi
, Nkm

yi

�
+ dS

�
σ̂ (xi ), σ̂

�
yi

���

+λ



N −

N�
i=1

pi

�
(12)

where 1/M is used to normalize the contribution of each scale
of neighborhood. With the cost function defined above, the
outlier removal problem has been converted into an optimiza-
tion problem. We reorganize the objective function (12) by
merging the terms related to pi and obtain

C(p; S, λ) =
N�

i=1

pi(ci − λ) + λN (13)

where

ci = 1

M

M�
m=1

�
dJ

�
Nkm

xi
, Nkm

yi

�
+ dS

�
σ̂ (xi), σ̂

�
yi

��
. (14)

Algorithm 1 Pseudocode of the PMC Algorithm

Input: putative set S = {(xi, yi )}N
i=1, parameters K, a, λ,

Max I ter .
Output: optimal inlier set I∗.

1 Initialize j = 1.
2 Construct neighborhood {Nkm

xi
, Nkm

yi
}M,N

m=1,i=1 based on S.
3 Calculate ci using Eq. (17).
4 Obtain a subset with high ratio inliers I j .
5 repeat
6 Construct neighborhood {Nxi , Nyi }N

i=1 based on I j .
7 Calculate ci using Eq. (17).
8 j = j + 1.
9 Obtain a subset with high ratio inliers I j .

10 until j ≥ Max I ter ;
11 Calculate ci using Eq. (14).
12 Determine the optimal I∗ using Eq. (15) and (16).

Observing (13) carefully, we can find that those matches
with ci > λ will increase the cost function. Conversely, the
matches with ci < λ will decrease the cost function. Therefore,
the correctness of each match can be determined by a simple
strategy

pi =
�

1, ci ≤ λ

0, ci > λ
, i = 1, . . . , N. (15)

Hence, the optimal inlier set I∗ can be determined by

I∗ = {(xi , yi)|pi = 1, i = 1, . . . , N}. (16)

E. Implementation Details

The general pipeline of our PMC is summarized in
Algorithm 1. Here, we introduce the implementation details
of the PMC. Neighborhood construction for each putative
match is absolutely significant. However, in the case of low
ratio inliers, the neighborhood construction is unreliable. Thus,
we take a coarse-to-fine strategy to deal with this problem.
Specifically, we first only consider using the efficient neigh-
borhood element coherence to construct the cost function, and
ci in (14) becomes

ci = 1

M

M�
m=1

dJ

�
Nkm

xi
, Nkm

yi

�
(17)

which is simple yet efficient to reject many outliers of the puta-
tive set (the neighborhood construction is based on the whole
putative set S at this time). With K = [8, 10, 12], a = 0.85,
and λ = 0.8, we can obtain a subset with high ratio inliers
according to (15), denoted as I1. After that, for each putative
match, the neighborhood construction is based on I1 instead
of the whole putative set S. We repeat the above processes
two times with λ = 0.5 and 0.3 in the next two iterations and
obtain I2 and I3. Note that, in the third iteration, the neigh-
borhood construction is based on I2, which contains more
inliers and has higher ratio inliers than I1. Now, I3 is a subset
with higher ratio inliers. Thus, we construct neighborhood for
each putative match based on I3 and construct the complete
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Fig. 5. Illustration of the coarse-to-fine strategy. The blue dots and red dots
represent inliers and outliers, respectively.

cost function as in (12). With multiscale K = [18, 20, 22],
a = 0.85, and λ = 0.57, the optimal inlier set I∗ can be
determined by (16). To better illustrate the effectiveness of the
coarse-to-fine strategy, we show the process in Fig. 5. In this
case, we construct six nearest neighbors for an inlier. In the
beginning, there are many outliers in the neighborhood. As the
iteration progresses, the constructed neighborhood based on
the subset with a higher ratio of inliers is more reliable, which
contains more inliers. After about two or three iterations, PMC
can achieve satisfactory matching results.

IV. EXPERIMENTAL RESULTS

In this section, we compare our proposed PMC on
feature matching and image registration tasks with seven
representative methods, such as RANSAC [14], ICF [22],
MTOPK [31], LPM [27], GMS [28], RFMSCAN [29], and
LAF [30]. In particular, RANSAC is a classical resampling-
based method, ICF is a nonparametric interpolation-based
method, MTOPK [31], LPM and GMS are motion consistency-
based methods, RFMSCAN is a clustering-based method,
and LAF is a filtering-based method. The parameters of
the competitors are the same as the original articles. The
SIFT descriptor and K-D tree provided by the open-source
VLFeat toolbox [44] are used to construct initial putative
matches and the k nearest neighbors for each feature point,
respectively. All experiments are conducted on a laptop with
Windows 10 operating systems, Intel 1.60-GHz, 16-GB RAM,
and MATLAB code.

A. Datasets and Evaluation Criterion

The details of the five RS image datasets are given as
follows.

1) UAV: This dataset comprises 43 image pairs, which
were taken by an unmanned aerial vehicle, also known
as UAV, flying over a patch of farmland. The image
pairs can be used in the field of agricultural automatic
monitoring, and they mainly suffer from projective
distortions.

2) SAR: This dataset comprises 14 image pairs, which
were taken by a satellite’s synthetic aperture radars, also
known as SAR. The image pairs can be used in the field
of positioning and navigation, and they mainly undergo
severe noise and affine distortions.

3) PAN: This dataset comprises 36 image pairs, which are
all panchromatic aerial photographs. The image pairs
can be used in the field of change detection, and they

mainly involve repetitive patterns, projective, or affine
distortions.

4) CIAP: This dataset comprises 54 image pairs, which
are all color infrared aerial photographs with small
overlapped areas. The image pairs can be used in the
field of image mosaic, and they mainly include rigid
transformation.

5) UCD [45]: This dataset comprises 20 image pairs, which
are multispectral images taken from Sentinel-2 satellites
between 2015 and 2018. The image pairs can be used
in the field of change detection and they mainly suffer
from low resolution, repetitive patterns, ground relief
variations, and large viewpoint changes.

The UAV, SAR, PAN, and CIAP datasets are provided
in [31], including the image pairs, initial putative matches
(generated by SIFT descriptor), and the ground truth. The
ground truth is the index of inliers, which is obtained by
manually checking the correctness of each match in the initial
putative matches. Note that there are duplicate matches in
the given putative sets, which will severely affect the per-
formance evaluation of the competitors, especially for those
neighborhood-based methods. Therefore, we choose to keep
only one match of the duplicate matches. The UCD dataset
was originally designed for urban change detection and the
ground truth is not suitable for our evaluation. We use the
image pairs and the SIFT descriptor to construct initial putative
matches and check the correctness of each putative match
manually. Since we use the nearest neighbor matching strategy,
the initial inlier ratio of the putative set is relatively low,
which is problematic for some iterative methods. Furthermore,
to better demonstrate that our proposed PMC is robust to large
rotation changes, we set the rotation angle of one of the two
images to be matched from 0 to 2μ .

The evaluation criteria for feature matching and image
registration are given as follows.

1) Feature Matching: The matching performance can be
measured by precision, recall, and F-score, which are
defined as

Precision = #identified correct matches

#preserved matches
(18)

Recall = #identified correct matches

#total correct matches
(19)

F-score = 2×Precision×Recall

Precision+Recall
(20)

where # denotes the size of a set and F-score is a
comprehensive evaluation of the matching performance.
The larger the value of F-score is, the better the match-
ing performance is. The identified correct matches are
the true inliers retained by the method. The preserved
matches are the matches that the method regards as
correct ones. The total correct matches are all inliers
of the image pairs.

2) Image Registration: The registration performance can
be measured by root-mean-square error (RMSE), maxi-
mum error (MAE), and median error (MEE), which are
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TABLE I

AVERAGE F-SCORE FOR OUR METHOD UNDER DIFFERENT PARAMETERS
K ON THE UCD DATASET. THE BEST RESULT IS

HIGHLIGHTED IN BOLD

defined as

RMSE =
���� 1

M

M�
i=1

(ri − F(si ))
2 (21)

MAE = max

��
(ri − F(si ))

2

�M

i=1

(22)

MEE = median

��
(ri − F(si))

2

�M

i=1
(23)

where ri and si denote the reference and sensed images’
landmarks, respectively. F is the estimated mapping
from the sensed image to the reference image. M is
the number of selected landmarks. max(·)and median(·)
return the maximum and median value of a set, respec-
tively. Similar to [30], we choose TPS [46] as the esti-
mated mapping since it has smooth functional mapping
nature. Specifically, the identified inliers are used to the
estimated mapping function F . Then, for each pixel in
the sensed image, its corresponding coordinate in the
reference image can be calculated by F , together with
a bicubic interpolation method calculating the intensity
at that coordinate.

B. Parameters Setting
In our method, there are three parameters: K, a, and λ.

Parameter K determines the size of neighborhood of fea-
ture points. To investigate the effect of parameters on the
performance of the proposed method, we choose the more
challenging UCD dataset for evaluation. From Table I, we can
find that our PMC achieves the best performance at K =
[18, 20, 22]. Actually, when K is in an appropriate range, the
performance of PMC remains stable and acceptable. A small
value of K will result in insufficient and unreliable neighbor-
hood information statistics, while a large value of K will bring
computational burden. Therefore, we choose K = [18, 20, 22]
for the neighborhood construction. Parameter a is a constant
to control the degree of attenuation of the penalty curve.
As shown in Table II, PMC achieves the best performance at
a = 0.85, which can prevent overpenalization on the outliers.
Parameter λ can be regarded as the margin between inliers
and outliers. A small value of λ can obtain a subset with
high ratio inliers. Meanwhile, a large number of inliers are
incorrectly discarded. A large value of λ will find more inliers
but sacrifice the precision. From Fig. 6, we can find that PMC
achieves the best performance at λ = 0.57. According to the
aforementioned analysis, in the first and second iterations,
K = [8, 10, 12] and λ = 0.3, 0.5 are for the consideration
of efficiency.

Fig. 6. Average F-score for our method under different parameters λ on the
UCD dataset. The best result is indicated by a red box.

TABLE II

AVERAGE F-SCORE FOR OUR METHOD UNDER DIFFERENT PARAMETERS
a ON THE UCD DATASET. THE BEST RESULT IS HIGHLIGHTED IN BOLD

C. Results on Feature Matching

1) Qualitative Analysis: We first present the feature match-
ing results of our proposed PMC on ten representative image
pairs with different challenges in Fig. 7. The transformations
and degradations of the selected ten image pairs are shown in
Table III. The match numbers with respect to the ten image
pairs are 784, 724, 832, 1814, 1537, 1495, 2011, 2115, 1219,
and 1331 and the corresponding initial inlier ratios are 44.0%,
49.7%, 70.2%, 40.5%, 28.9%, 54.8%, 14.1%, 17.0%, 32.4%,
and 29.0%, respectively. The performance statistics (preci-
sion, recall, and F-score) of our PMC on these image pairs
are (99.13%, 99.13%, 99.13%), (99.16%, 98.89%, 99.03%),
(98.97%, 98.63%, 98.80%), (98.52%, 99.59%, 99.05%),
(99.55%, 98.65%, 99.10%), (100.0%, 98.66%, 99.32%),
(100.0%, 100.0%, 100.0%), (100.0%, 100.0%, 100.0%),
(97.98%, 98.23%, 98.10%), and (95.44%, 99.78%, 96.54%).
We can see that our proposed PMC is able to identify the vast
majority of inliers and only a few matches are misjudged,
even if in the case of low inlier ratio (e.g., CIAP1 and
CIAP2) and large rotation changes (e.g., UCD1 and UCD2).
Besides, the tests on different types of RS image pairs and
different degradations also demonstrate our effectiveness and
robustness.

2) Quantitative Comparison: Next, we compare our PMC
with seven state of the arts (i.e., RANSAC [14], ICF [22],
MTOPK [31], LPM [27], GMS [28], RFMSCAN [29], and
LAF [30]) on the aforementioned five datasets. The details of
match number and initial inlier ratio with respect to the above
five datasets are shown in Fig. 8. The average putative match
numbers are 525.67, 854.07, 1034.28, 768.42, and 1166.45 and
the initial inlier ratios are 73.78%, 76.93%, 72.58%, 65.98%,
and 26.20%, respectively. We report the precision, recall,
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Fig. 7. Feature matching results of our proposed PMC on ten representative RS image pairs (UAV1, UAV2, SAR1, SAR2, PAN1, PAN2, CIAP1, CIAP2,
UCD1, and UCD2). Each row includes the feature matching results of two image pairs (from the same dataset) and their corresponding motion vector fields.
The head and tail of each arrow in the motion vector field indicate the positions of feature points in the two images (blue: true positive, black: true negative,
green: false negative, and red: false positive). For visibility, we randomly select at most 100 correspondences in each image pair and the true negatives are
not shown.

TABLE III

TRANSFORMATIONS AND DEGRADATIONS OF THE SELECTED TEN IMAGE PAIRS

Authorized licensed use limited to: TONGJI UNIVERSITY. Downloaded on December 05,2024 at 12:27:17 UTC from IEEE Xplore.  Restrictions apply. 



LIU et al.: PROGRESSIVE MOTION COHERENCE FOR REMOTE SENSING IMAGE MATCHING 5631113

Fig. 8. Information statistics with respect to five datasets: (from Left to Right) UAV, SAR, PAN, CIAP, and UCD. The first row shows the match number of
each dataset, and the second row shows the initial inlier ratio of each dataset. A point on the curve with coordinate (x, y) indicates that there are (100*x)%
of image pairs whose match number/initial inlier ratio does not exceed y.

TABLE IV

FEATURE MATCHING PERFORMANCE STATISTICS OF EIGHT COMPETITORS WITH RESPECT TO THE FIVE RS DATASETS. A PAIR OF (PRECISION, RECALL,
AND F-SCORE) IS USED FOR EVALUATION. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD

F-score, and run time of all competitors with respect to the
cumulative distribution in Fig. 9.

From Fig. 9 and Table IV, we can see that RANSAC,
MTOPK, LPM, RFMSCAN, LAF, and our PMC obtain sat-
isfactory matching results on the UAV, SAR, PAN, and CIAP
datasets since the initial inlier ratio of these datasets is rela-
tively high and the smooth assumption of the motion vectors
holds. ICF achieves almost perfect precision in UAV, SAR,
and PAN datasets but not simultaneously for recall, which is
mainly due to its parameter sensitivity and unstable spatial
constraint. Similarly, GMS obtains satisfactory precision on
UAV, SAR, PAN, and CIAP datasets but not simultaneously
for recall. The reason is that the GMS is sensitive to the size
of grid and the matches along the edges of grid will be easily
discarded as outliers. MTOPK achieves competitive matching
results on the UCD dataset since it is not sensitive to rotation
changes. It is noticed that LPM, RFMSCAN, GMS, and
LAF have bad performance on the UCD dataset. On the one
hand, the low initial inlier ratio will make the neighborhood
information unreliable. On the other hand, the formulations of
these methods are mainly based on the smooth assumption of
the motion vectors, which does not hold when the image pair
suffers from large rotation changes, as shown in the last row
of Fig. 7. RANSAC and ICF are rotation-invariant, and hence,
they achieve good performance.

It is worth pointing out that, although our PMC does not
achieve the best matching results on SAR, PAN, and CIAP
datasets, the performance is still attractive and very close to
the best one. Especially for UCD, PMC obtains the best and
satisfactory matching results compared with other methods.
For run time, LPM is the fastest one among the competitors,
while GMS achieves a similar speed as LPM. RANSAC and
ICF are relatively slow, especially in the case of low ratio
inliers. Our PMC is moderately fast, which is mainly because
of the recursive implementation of the relative order-aware
motion coherence.

D. Results on Image Registration

1) Qualitative Analysis: We first give the image registra-
tion results of all competitors on five image pairs, UAV3,
SAR3, PAN3, CIAP3, and UCD3 in Fig. 10. They undergo
projective transformation, severe noise, repetitive structure,
small overlap, and low ratio inliers. The first row of Fig. 10
shows the original image pairs, where the left image is
the reference image and the right one is the sensed image.
The second to the last rows are the registration results
of all competitors. For each group, the left image is the
checkboard result and the right one is the warped sensed
image.
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Fig. 9. Quantitative feature matching performance comparisons of RANSAC [14], ICF [22], MTOPK [31], LPM [27], GMS [28], RFMSCAN [29], LAF [30],
and our proposed PMC on five datasets. (From Left to Right) UAV, SAR, PAN, CIAP, and UCD. (From Top to Bottom) Precision, recall, F-score, and run
time statistics with respect to the cumulative distribution. AP: average precision. AR: average recall. AF: average F-score. ART: average run time. A point on
the curve with coordinate (x, y) indicates that there are (100*x)% of image pairs whose precision/recall/F-score/run time does not exceed y.

RANSAC shows strange registration results since the
matches used to recover the spatial mapping contain a lot of
outliers. Besides, RANSAC can only estimate a parametric
model, which is a global model and cannot deal with local
deformations and nonrigid transformations. ICF can achieve
good performance in many cases except for some small
regions, which is mainly because of the high precision but
low recall, leading to no supporting matches in some regions.
LPM performs badly on CIAP3, which suffers from small
overlap. The inliers preserved by LPM in the small region
are not enough to estimate an accurate transformation. The
registration results of MTOPK, GMS, RFMSCAN, and LAF
all have some deformations. Although the motion coherences
they used do not rely on any specific parametric model, the
slack constraints make the preserved matches contain some
outliers, especially when the initial inlier ratio is low. Our
PMC uses a coarse-to-fine strategy and combines with two
effective motion coherences that can preserve many inliers
and only keep a few outliers, which makes the estimated
transformation more accurate.

TABLE V

QUANTITATIVE IMAGE REGISTRATION PERFORMANCE STATISTICS OF
RANSAC [14], ICF [22], MTOPK [31], LPM [27], GMS [28],

RFMSCAN [29], LAF [30], AND OUR PROPOSED PMC WITH

RESPECT TO THE AFOREMENTIONED RS DATASETS. THE

AVERAGE AND STANDARD DEVIATION OF RMSE, MAE,
AND MEE ARE USED FOR EVALUATION. THE BEST

RESULTS ARE HIGHLIGHTED IN BOLD

2) Quantitative Comparison: Next, we test the image regis-
tration of all competitors on the aforementioned five datasets
in a quantitative way. Similar to [30], we randomly choose
20 pairs of landmarks {ri , si }20

i=1 for the calculation of RMSE,
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Fig. 10. Image registration results of our proposed PMC and other competitors on five representative RS image pairs (i.e., UAV3, SAR3, PAN3, CIAP3, and
UCD3). The first row shows the input images (for each group, Left: reference image and Right: sensed image). The second to the last rows are the registration
results of all competitors (for each group, Left: checkboard result and Right: warped sensed image). The obvious distortions of registration results are marked
in red boxes.

MAE, and MEE. The average and standard deviation of
RMSE, MAE, and MEE are reported in Table V and the
best results are highlighted in bold. GMS obtains the worst
performance for the three metrics, which is in accordance with
the feature matching results. MTOPK also performs badly
in the image registration task. Although ICF achieves high
precision in feature matching tasks, the low recall makes the
number of inliers for estimating accurate transformation not
enough. As for RFMSCAN, the limited similarity measure-
ment inevitably clusters inliers and some outliers together.
RANSAC achieves stable registration performance because of
its global geometrical constraint. LPM and LAF can obtain
competitive performance since they can obtain sufficient inliers
to estimate the transformation. Our PMC achieves the best
results except for the standard deviation of MAE. Therefore,
it can be inferred that PMC is robust to the image registration
of different image types and degradations.

V. CONCLUSION

We present a simple yet efficient method for RS image
matching. We formulate the matching problem into a math-
ematical model and derive a closed-form solution. The objec-
tive function is constructed based on two novel coherence
constraints. With the interaction of these two coherence con-
straints, the cost distribution with regard to inliers is close
to 0, while for outliers, the cost distribution is close to 1.
Therefore, we can use a predefined threshold to separate
inliers from outliers. Experimental results on five RS image
datasets demonstrate the effectiveness and robustness of our
PMC. However, the relative order-aware motion coherence is
recursive, which increases the complexity of this algorithm.
Though our PMC is not the fastest among the competitors,
it can also accomplish outlier removal for 1000 putative
matches in a few milliseconds. In short, our proposed method
achieves a good tradeoff between effectiveness and efficiency.
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