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Abstract—The efficient and accurate registration of multi-
temporal images is essential for many remote sensing applica-
tions. With the increasing of the imaging resolution and field in
satellites, the acquired large-scale remote sensing images have
brought the serious challenges, since there exist parallax shifts
and large background variations among different local regions of
the acquired images. To address these issues, this paper proposes
an adaptive regional multiple features (ARMF) matching method
for the registration of multi-temporal large-scale high resolution
remote sensing images. Specifically, since large background vari-
ations in fixed-size regions of multiple-temporal images will cause
the insufficient features and the failure of features matching, the
ARMF introduces an adaptive regions searching strategy, which
utilizes the pyramid-amplification technique to adaptively select
the regions that can find the sufficient matched features. Then, the
ARMF extracts multiple types of features (i.e., gradient feature,
phase feature, and line feature) from the adaptive searched region
that can more effectively represent the characteristics of the large
regions. Finally, we utilize the feature matching error as the
rule to adaptively select the suitable features as the descriptors
of the region. The experimental results on large-scale multi-
temporal image data obtained from Google Earth demonstrated
the proposed method can outperform several state-of-the-arts
remote sensing registration approaches.

Index Terms—Image registration, multi-features, large-scale
remote sensing images, pyramid-shape region adaptive ampli-
fication.

I. INTRODUCTION

MULTI-temporal remote sensing image registration is a
process of establishing correspondences and geometric

transformation model to align two or more remote sensing
images of the same scene at different times or from different
viewpoints [1]. Recently, registration has become a key tech-
nology for prerequisite of many remote sensing applications,
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such as change detection [2], [3], geographic surveying, and
image fusion [4]–[6]. The geographic information can be
directly used to achieve remote sensing image pre-registration,
which usually has an offset of dozen of pixels [7]. Therefore,
how to automatically achieve high-precision remote sensing
image registration has become a hot topic in the remote
sensing field.

In recent years, many automatic methods have been in-
troduced for the image registration of multi-temporal remote
sensing images [8]–[14]. These methods can be roughly di-
vided into two categories: feature-based and area-based [15].
Feature-based methods first extract salient features from two
considered images, and then match them according to their
similarity to achieve the registration. These methods focus
more on how to improve the universality and robustness of
image features. Commonly used image features include point
features [16]–[22], edge features [23]–[26], and region features
[27], [28]. Scale invariant feature transform (SIFT) [16] is a
typical local features extraction method, that has been widely
used in the remote sensing image registration. Although the
SIFT can extract robust features, there are some problems in
the quantity and distribution of extracted features in remote
sensing images. Therefore, a feature selection strategy called
the uniform robust SIFT (UR-SIFT) [17] based on stability
and saliency constraint isolation feature quality is introduced.
Then, to discriminate distributed descriptors, the adaptive bin-
ning SIFT (AB-SIFT) [18] is introduced to improve the local
distortion performance of the descriptors. A two-step align-
ment method [29] using fused images for registration makes
image pixel clustering and anomaly detection performance
better. With the development of deep learning methodology,
a multi-temporal remote sensing image registration based on
multi-layer feature fusion of deep residual network [30] is
proposed, which fused different levels of features in the deep
residual network. After that, the method in [31] based on
the combination of deep features and traditional local SIFT
feature is introduced to address the problem that features are
negatively affected by noise and differences between remote
sensing images.

Area-based methods usually adopt a template window of a
predefined size to detect the correspondence between different
temporal images, and then utilize similarity-based metrics to
match the corresponding patches in the images [32]. Similarity
measure is the key component for the area-based image
registration. The normalized cross correlation (NCC) is a very
popular similarity measure, because of its invariance to linear
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Fig. 1. The obvious background and objects changes in local regions of multi-temporal large-scale high resolution remote sensing images. (I) and (II) are
the local regions of reference image (a) and target image (b).

intensity changes. However, NCC is susceptible to nonlinear
radiation differences [33]. The mutual information (MI) is
more robust to complex radiation measurement changes, but
it is computationally expensive since it needs to calculate
the joint histogram of each window to be matched [34]. In
addition, the MI ignores the spatial information of neighboring
pixels, thereby reducing the quality of image matching [35].
For multi-temporal remote sensing images, the scene char-
acteristics of the image have been dramatically changed or
disappeared. To alleviate these problems, a method called the
phase correlation [36] is introduced to consider the robustness
for the scaling and rotation changes and achieve excellent
stability. The template window of the area-based registration
method is related to the control points and the search space is
geometrically limited. This method is easy to fail, especially
when there are obvious distortions or geometric differences in
multi-temporal remote sensing images. For the feature-based
methods, the extracted feature points are matched through
feature descriptors and spatial relationships, which can be
applied when the image has obvious distortions and geometric
differences. Therefore, compared with the area-based method,
the feature-based method is more effective in multi-temporal
high-resolution remote sensing images.

Recently, with the rapid development of remote sensing
imaging technology, the resolution and size of acquired
multiple-temporal images have been greatly increased, which
brings the serious challenging for image registration [10]. For
example, the one scene data area of Gaofen-2 satellite is more
than 500 square kilometers, while its spatial resolution is better
than 1m. The spatial resolution of world-view-3 even reaches
0.3m, and their image size basically exceeds 10000× 10000.
For the very large scale remote sensing images, the above
typical feature-based and area-based methods hardly obtain
excellent registration results. In addition, it is not feasible to
use traditional algorithms to directly perform image registra-
tion on the entire large-scale image, due to the limitation of
both computational memory and time consuming. An intuitive
way is to divide the large-scale images into many regions
of fixed sizes. However, the multi-temporal remote sensing
images are all taken by satellites in various time periods,
and thus the obvious local features in the acquired images

have changed, such as houses, mountain forest, and lakes
(see Fig.1). The large scene changes in the fixed sub-blocks
of different temporal images will lead to insufficient image
features and feature mismatch. In addition, the difference of
imaging conditions in different temporal images also will
seriously affect the performance of registration for the local
regions [37]. Therefore, it is difficult to improve the accuracy
of image registration only by the fixed sub-blocks for the large-
scale high resolution remote sensing images.

To address the above issues, in this paper, we propose
a novel method called adaptive regional multiple features
(ARMF) for large-scale high resolution multi-temporal remote
sensing images registration. The method mainly consists of
the following steps. First, we use multiple features for feature
detection of local image regions, and use pyramid magnifica-
tion technology to adaptively find suitable regions according to
the number of matching features. Then, the proposed method
can adaptively eliminate outlier features from the adaptive
searched regions by feature matching errors. After that, we
downsample the amplified local region image to the original
image size and repeat the first step, and then remap the
matched feature coordinates back to the coordinate system
before sampling. Finally, we obtain the sufficient number of
matching features to model calculations for large-scale remote
sensing images to achieve high precision image registration.

The rest of this paper is organized as follows. Related
works are reviewed in the Section II. Then, the proposed
ARMF framework is presented in Section III. The registration
performances of the proposed method are evaluated in Section
IV. Finally, we conclude this paper and suggest future works
in Section V.

II. RELATED WORKS

Image registration is widely used in various fields, such
as computer vision, pattern recognition, etc., especially in
the fields of photogrammetry and remote sensing. For more
comprehensive review of image registration methods, please
refer to the work in [38]. In this section, we will mainly review
some registration works related to our proposed method.
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A. Local Features

1) Local gradient feature of SIFT [16]: local feature extrac-
tion and description is a key step in image registration,
and the stable and robust features determine the quality
of the registration result. The SIFT describes the image
area in the gradient domain and constructs a 128-
D histogram, which is robust to scale and direction
changes. The main algorithm steps of SIFT include
the construction of scale space, feature selection and
direction assignment, feature descriptor and matching.
First, the algorithm uses the Gaussian function to cal-
culate and search for features, which are invariant to
scale and direction in the image at all scales. L(x, y, σ)
is defined as the convolution operation of the original
image I(x, y) and a variable scale Gaussian function
G(x, y, σ),

L(x, y, σ) = G(x, y, σ) ∗ I(x, y) (1)

where ∗ is the convolution operation in x and y , and
the G(x, y, σ) is a variable-scale Gaussian defined as,

G(x, y, σ) =
1

2πσ2
e−

(x2+y2)
2σ2 (2)

The extremum detection in scale space D(x, y, σ) is
defined as the convolution of a difference of Gaussian
with image I(x, y), k is a constant multiplication factor,

D(x, y, σ) = L(x, v, kσ)− L(x, y, σ) (3)

After constructing the Difference of Gaussians (DoG)
pyramid to find the extreme points of the DoG function,
each pixel must be compared with all its neighbors. If
it is larger or smaller than the neighboring points of
its image domain and scale domain, the most suitable
extreme point of the edge response is removed. For the
key points detected in the DOG pyramid, the gradient
and direction distribution characteristics of the pixels in
the 3σ neighborhood window of the Gaussian pyramid
image are collected. SIFT calculates the gradient B(x, y)
and the angular θ(x, y) magnitude as,

B(x, y) =
√

(L(x+ 1, y)− L(x− 1, y))2 + (L(x, y + 1)− L(x, y − 1))2 (4)

θ(x, y) = arctan
(
L(x,y+1)−L(x,y−1)
L(x+1,y)−L(x−1,y)

)
(5)

After completing the gradient calculation of the key
points, SIFT uses the histogram to calculate the gradient
and direction of the pixels in the neighborhood. The
gradient histogram divides the direction range from 0
to 360 degrees into 36 bins. The peak direction of the
histogram represents the main direction of the key point,
and the maximum value in the histogram is used as the
main direction of the key point.

2) Line segment feature: The typical line segmentation
feature method [39] uses the (Edge Drawing Lines)
EDLines [40] detector to extract line segments from the
corresponding two images, and performs line verifica-
tion steps to remove meaningless line segments. First,

Fig. 2. Reference image and target image of phase congruency.

we compute the gradient magnitude and the level line
angle at pixel (x, y) .

gx(x, y) = I(x+1,y)−I(x,y)+I(x+1,y+1)−I(x,y+1)
2 (6)

gy(x, y) = I(x,y+1)−I(x,y)+I(x+1,y+1)−I(x+1,y)
2 (7)

g(x, y) =
√
g∗(x, y)2 + gy(x, y)2 (8)

angle(x, y) = arctan

(
gx(x, y)

−gy(x, y)

)
(9)

where I(x, y) is the intensity of the input image at
pixel (x, y), g(x, y) is the gradient magnitude, and
angle(x, y) is the horizontal line angle. Then, based
on the position and direction of each line segment, a
histogram descriptor that is robust to global geometric
distortion is generated.

3) Phase feature: Phase feature has excellent feature detec-
tion performance compared with image gradient features
and structural features. A maximum index image (MIM)
is proposed for feature description in Radiation-Variation
Insensitive Feature Transform (RIFT) [41]. MIM is
constructed by log-Gabor convolution sequence, which
is more robust to nonlinear radiation differences (NRD)
than traditional gradient maps. The method selects the
log-Gabor wavelet transform with direction o = 6 and
scale n = 4, and calculates the phase consistency
measure PC (θpc) , where (x, y) represents the position
coordinate, and the calculation function expression is:

PC(x, y) =
∑
n

∑
oWo(x,y)bAno(x,y)∆φno(x,y)−Tc∑

n

∑
o Ano(x,y)+ε (10)

where θpc = (x, y) is the position coordinate in the
reference and target image block region, Wo(x, y) is
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the weight of the position coordinates, Ano(x, y) is
the direction o and the position coordinates (x, y). The
amplitude corresponds to scale n, ∆φno(x, y) is the
phase deviation of position coordinates (x, y), The T
represents the noise threshold, and the bc represents
if the value is positive, the value is equal to itself,
otherwise the value is 0. The E is a constant. Fig. 2
shows the reference image and target image of phase
congruency. The use of the maximum moment M and
the minimum moment m is to extract the edge and
corner features in the phase information. The maximum
moment M and the minimum moment m function can
be expressed as, M = 1

2

(
f + d+

√
e2 + (d− f)2

)
m = 1

2

(
f + d−

√
e2 + (d− f)2

) (11)

e = 2
∑

(PC (θpc) cos θpc) (PC (θpc) sin θpc) (12)

d =
∑

(PC (θpc) cos θpc)
2 (13)

f =
∑

(PC (θpc) sin θpc)
2 (14)

To get the correct matching of various types of features,
eliminating outlier is an important step for improving the
accuracy of image matching in the registration. The Random
Sample Consensus (RANSAC) [42] is a classic method to
remove outliers through geometric verification.

B. Transformation Model

The critical last step of image registration is the calculation
of the relationship with the the model transformation. A new
parameterization of deformation fields for image registration
method [43] describes a deformation field with its trans-
formation Jacobian and curl of endvelocity field with pa-
rameterization. The method called (As-Projective-As-Possible,
APAP) [44] accurately align images that differ by more than
a pure rotation, which can produce much better results on
image stitching. The algorithm assumes that the matching
points of the reference image and the target image overlap
area are z = [x, y]T and t = [x′, y′]

T , after homography
transformation, the relationship is as follows:

t̃ = Hz̃ (15)

The homogeneous form of the transformation projection
formula is expressed as,

x′ =
x′1
x′3

=
h11x+ h12y + h13

h31x+ h32y + h33
(16)

y′ =
x′2
x′3

=
h21x+ h22y + h23

h31x+ h32y + h33
(17)

assuming ai ∈ R2×9, the moving Direct Linear Transfor-
mation (DLT) algorithm calculates the 9 elements of the
homography matrix H , and the objective function is calculated
as,

h̃ = arg min
h

N∑
i=1

‖aih‖2 = arg min
h
‖Ah‖2 (18)

where ‖h‖ = 1 and A ∈ R2×9, and then considering
the weight

{
wi∗
}N
i=1

to set a homography matrix for each
independent position, σ is the scale factor. The weights are
calculated as,

h∗ = arg min
N∑
i=1

‖w∗aih‖2 (19)

wi∗ = exp
(
−‖x∗ − xi‖2 /σ2

)
(20)

III. PROPOSED METHOD

For processing multi-temporal remote sensing images with
the fixed-blocks, large scene changes make it difficult to ex-
tract a sufficient number of image features in the local region,
and the large size of the image brings high computational
cost. To make the registration algorithm robust in large-scale
multi-temporal remote sensing images, the ARMF framework
is proposed. In this section, we will detail the proposed ARMF
method, including the adaptive multiple features extraction
and combination, image region adaptive amplification, image
region downsampling and feature remapping. (see Fig.3).

A. Adaptive Multiple Features Extraction and Combination

One type of feature extraction method may not capture
the sufficient number of features and result in the feature
matching failure in high resolution remote sensing images.
Therefore, given a pair of large-scale multi-temporal reference
image Iref (x, y) and a target image Itar(x, y), we propose to
use multiple types of features, which can effectively alleviate
the problem of changes in local region and feature matching
failure. First, we use SIFT [16], RIFT [41] and EDlines [40]
to extract multiple features from the local regions of reference
and target remote sensing images. The (Line Segment Detec-
tion) LSD features are detected on the line structural features
of RIFT features. On this basis, the euclidean distance is used
for similarity measurement, and the RANSAC [42] algorithm
is used to eliminate the wrong matching relationship.

The matched SIFT, RIFT and LSD features detected
by the local reference and target image region blocks
after the RANSAC algorithm are

{
P 1
ref , . . . , P

A
ref

}
{
P 1

tar, . . . , P
A
tar

}
,
{
pf1
ref , . . . , pf

C
ref

} {
pf1
tar, . . . , pf

C
tar

}
,{

L1
ref , L

2
ref , . . . , L

B
ref

} {
L1
tar, L

2
tar, . . . , L

B
tar

}
. We calculate

the LSD features in the cartesian coordinate system as, xi
yi
1

 = HL

 ui
vi
1

 (21)

where xi and yi, ui and vi represent the horizontal and vertical
coordinates of the feature points on the line structure features
detected in the local region of the reference image and the
target image. HL is the transformation model matrix of LSD
feature matching,

RMSE =

√√√√ 1

N

(
N∑
i=1

(xi − ui)2
+ (yi − vi)2

)
(22)
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Fig. 3. (1) The dashed block diagram (a) indicates the reference and the target image are divided into the same size image regions; (2) The dashed block
diagram (b) indicates that we extract the gradient feature, phase feature, and line structure feature; (3) The dashed block diagram (c) indicates that II and IV
represent the image area I and II after the adaptive image region amplification, V and VI represent the image region down-sampling of II and IV, which light
blue, yellow and blue are respectively represents three local features of LSD, the phase feature of RIFT, and the gradient feature of SIFT; (4) The dashed
block diagram (d) indicates the ARMF matching result in which light white is represents feature after ARMF algorithm.

 xi
yi
1

 = H

 ui
vi
1

 (23)

Fref =
{{

P 1
ref , . . . , P

A
rf

}
,
{
L1
ref , . . . , L

B
rg

}
,
{
pf1
rf , . . . , pf

C
ref

}}
(24)

Ftar =
{{
P 1

tar , . . . , P
A
tar

}
,
{
L1

tar , . . . , L
B
tar

}
,
{
pf1

tar , . . . , pf
C
tar

}}
(25)

The Fref and Ftar obtained after SIFT, LSD and RIFT
of feature matching in reference and target image blocks.
We calculate their feature matching error (FME) by the

formulas of (22) and (23), and we can obtain the matching
relationship between each type of the features. The local
transformation error ci = {Fref , Ftar } is denoted as e (ci) =
‖(ui, vi)−Hi (xi, yi)‖ and ci represents the multi-feature set
of the image region blocks after RANSAC. We remove the
features with e (ci) < T1, T1 = 3 (pixels), and combine the
features to the final multi-feature sets F ′ref and F ′tar. (see
Fig.4),

F ′ref =
{{

P 1
ref , . . . , P

a
ref

}
,
{
L1
ref , . . . , L

b
ref

}
,
{
pf1
ref , . . . , pf

c
ref

}}
(26)

F ′tar =
{{
P 1
tar, . . . , P

a
tar

}
,
{
L1
tar, . . . , L

b
tar

}
,
{
pf1
tar, . . . , pf

c
tar

}} (27)
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Fig. 4. (a) Multi-features detection in reference image and target image. (b)
Matching multi-features in reference image and target image. The red line in
the figure represents the extracted line structure feature, the green open circle
represents the SIFT feature, and the yellow cross represents the RIFT feature.

B. Adaptive Image Region Amplification

When the feature matching error (FME) of the multi-
features that calculated by formulas (22) and (23) is greater
than the threshold T2 or less than the number of features
matching Tp = 3 pairs, we set the complete matching to be
failure when the feature error c′i =

{
F ′ref , F

′
tar

}
after the

transformation satisfy the formula e (c′i) > T2, T2 = 10. Then,
the current image region block is used as the center to enlarge
the image region (see Fig. 5). In this paper, we set the image
size of the amplified region to be 3 × 3 side length of the
original 1× 1 image region.

C. Image Region Downsampling and Feature Remapping

In order to reduce the computational cost of image feature
detection and matching in the enlarged image area, we down-
sample the enlarged image area. Note that, a sufficient number
of feature matching pairs obtained in the original region ampli-
fication process. The downsampling process provides a great
help to the subsequent calculation of the image transformation
model.

When the image transformation model is calculated, we
need to map the current down-sampled image feature coordi-
nates back to the original image coordinate system. According
to formula (28), the multiple features coordinates of the local
area are remapped, and then the final multi-feature matching
coordinate pairs are saved (see Fig.6),

(xi, yi) = (x′i, y
′
i)× 2µ (28)

Fig. 5. Main process for adaptive image region amplification. (a) Reference
image and (b) Target image.

where xi and yi represent the row and column coordinates
of the feature points in the multi-feature sets local region of
the reference image, x′i and y′i represent the row and column
coordinates of xi and yi after downsampling, and µ represents
the number of times that the amplified region is downsampled.
The features extracted after downsampling are re-matched and
then mapped back to the original image coordinate system.
The new feature sets that we obtain during the downsampling
process are F new

ref and F new
tar , and then we merge all the features

obtained during the downsampling process to obtain the final
feature sets F total

ref and F total
tar .

F totalref =
{
F ′ref , F

new
ref

}
(29)

F total
tar = {F ′tar, F

new
tar } (30)

Finally, we calculate the image global transformation model
Hg of the multi-features sets F total

ref and F total
tar matching

obtained from all the reference and target image region blocks.
The global transformation model Hg is expressed as:

Hg =
N∑
i=1

WiH
i
l (31)

where Hg represents the global image transformation model,
N is the total number of local image area transformation
models, Hi

l is the local image transformation model, and the
function of Wi is expressed as APAP [44],

Hg = arg min
h

‖WiAh‖ s.t. ‖h‖ = 1 (32)

where A ∈ R2×9, The method divides the source image into
a grid, takes the center point of the grid, and calculates the
Euclidean distance and weight between each center point and
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Fig. 6. (a) The processing diagram of feature coordinate remapping. The
yellow line represents the matched feature point pairs. (b) Feature coordinate
mapping details diagram.The red solid dot represents a feature in the original
image region. The light blue solid cross and light green solid rectangle
represents the new matched feature after downsampling the original image
region.

the inner point on the source image. Finally, each grid is
traversed, and the local homography matrix is used to map to
the full image. The closer the weight of the pixel value is to the
neighborhood, the calculated value of the Gaussian function
is used for the weight value, and the smaller the weight of the
pixel value will be.

IV. PROPOSED METHOD EVALUATION AND
EXPERIMENTAL RESULTS

A. Test Data Sets

The performance of the proposed ARMF method is evalu-
ated with a series of large-scale multi-temporal remote sensing
images from Google Earth (see Fig.7). The multi-temporal
remote sensing images are separately acquired from the he
University Science and Technology City of Changsha (see
Fig.7 (a)), Huanghua Airport area in Changsha (see Fig.7 (b)),
and urban area of Changsha (see Fig.7 (c)). The purpose of
Fig.7 (a) is to test the effectiveness of image registration in
the multi-temporal change images of mountains, urban areas,
lakes, etc. Fig.7 (b) contains a multi-temporal change area
of farmland and mountain areas. Fig.7 (c) includes multi-
temporal changes of high-rise buildings and urban roads. The
details of these images are reported in Table.I.

B. Evaluation Criteria and Implementation Deta

This paper uses root mean square error (RMSE) [45],
correct correspondence number (NOCC), mutual information
(MI) [34], rate of correct correspondences (ROCC) to evaluate
the registration methods. The metrics to measure the accuracy
of the algorithms are RMSE and MI. NOCC and ROCC are
used to measure the robustness of the algorithms. For all image
pairs, we take the average of five to ten times image regions to

Algorithm 1 Proposed Algorithm.
Input: Iref and Itar : The reference image and target image;

Lref and Ltar : The LSD feature in Iref and Itar ;
Pref and Ptar : The SIFT feature in Iref and Itar ;
pfref and pftar : The RIFT feature in Iref and Itar .

Output: The transformation model T and the correct multi-
features matching pairs F total

ref and F total
tar .

1: Divide the Iref and Itar image into region blocks Bref−i
and Btar−i.

2: Calculate the matched LSD feature, the SIFT feature and
the RIFT feature detected in Bref−i and Btar−i after
RANSAC as Fref and Ftar;

3: Calculate the local transformation model T il by{
L1

ref , . . . , L
a
ref

}
and
{
L1

tar , . . . , L
a′

tar

}
, the local

transformation model T ip by
{
P 1
ref , . . . , P

b
ref

}
and{

P 1
tar, . . . , P

b′

tar

}
, and the local transformation model

T ipf by
{
pf1

ref , . . . pf
c
ref

}
and T ipf by

{
pf1

ref , . . . pf
c′

ref

}
from Bref−i and Btar−i.

4: Calculated the correct multi-features matching error
and eliminated mismatched feature pairs. Add{
L1
ref , . . . , L

d
ref

} {
L1
tar, . . . , L

d′

tar

}
,
{
P 1
tar, . . . , P

e
tar

}{
P 1
tar, . . . , P

e′

tar

}
,
{
pf1
ref , . . . , pf

f
ref

}{
pf1
ref , . . . , pf

f ′

ref

}
to F ′refand F ′tar.

5: Calculate the local transformation model T ′i , and
eliminated the local transformation error value of{
F ′refi , F

′
tari

}
over than the transformation error or the

matched feature pairs less than Tp = 3 .
6: Pyramid-shape image region adaptive amplification, and

add the new feature F new
ref and F new

tar to the F total
ref and

F total
tar .

7: Repeat the step 1, until the end of the feature search for
all image region blocks.

8: Obtain final features F total
ref and F total

tar of ARMF, and then,
calculate the transformation model T .

obtain the final RMSE results. We use the RMSE to evaluate
the registration accuracy.

RMSE =

√√√√ 1

N

(
N∑
i=1

(xi − ui)2
+ (yi − vi)2

)
(33)

where N is the total feature point pairs, xi and yi represent
the row and column coordinates of the feature points in the
reference image, ui and vi represent the row coordinates and
column coordinates of the corresponding feature points in
the target and the reference image after transformation. The
robustness of the algorithm is evaluated by the correct number
of matches. The more the NOCC, the higher the accuracy of
the result. MI is used as a measure of image pair similarity
by counting the correlation between two data sets. In addition,
this method is suitable for remote sensing image registration.
We evaluate the accuracy of registration for large scale remote
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TABLE I
DETAILS OF REAL MULTI-TEMPORAL REMOTE SENSING IMAGE PAIRS.

Image No Size Date Spatial resolution(m) Location

1 12000 × 12000 09/2012 1

University Science and Technology City of Changsha

12000 × 12000 06/2015 1

2 12000 × 12000 09/2012 1
12000 × 12000 02/2017 1

3 12000 × 12000 09/2012 1
12000 × 12000 08/2019 1

4 13056 × 11008 12/2013 1.5

Changsha Huanghua Airport Area

13056 × 11008 12/2015 1.5

5 13056 × 11008 12/2013 1.5
13056 × 11008 12/2017 1.5

6 13056 × 11008 12/2013 1.5
13056 × 11008 12/2019 1.5

7 11520 × 10752 12/2008 1.5

Urban Area of Changsha

11520 × 10752 12/2017 1.5

8 11520 × 10752 12/2008 1.5
11520 × 10752 12/2018 1.5

9 11520 × 10752 12/2008 1.5
11520 × 10752 12/2019 1.5

Fig. 7. Multi-temporal large scale high-resolution remote sensing images. (a) The University Student Science and Technology City area in Changsha. (b) The
Huanghua Airport area in Changsha. (c) The urban area of Changsha.
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Fig. 8. The columns (a) are the test image pair 2, 4, and 7 from top to bottom. Column (b) is the feature error matching map of the partial image blocks
in the yellow box and blue box of columns (a). Column (c) is the ARMF algorithm feature matching of the amplified image. The column (d) is the final
global image feature matching map obtained by the ARMF algorithm. Note that, The light green line represents the matching feature points in the line feature
we used, the blue line represents the SIFT matching point feature, the yellow line represents the RIFT phase feature, and the white line represents the new
matching feature obtained by the ARMF algorithm.

TABLE II
EXPERIMENTAL RESULTS FOR IMAGE NO 2. THE BEST RESULTS IN THIS

TABLE HAVE BEEN MARKED.

Methods RMSE NOCC MI ROCC
Manual ∗ 10 0.1007 ∗
SIFT 35.8814 246 0.1331 0.1667
SURF ∗ ∗ ∗ ∗
RIFT 27.4317 486 0.1418 0.0843

Proposed+SIFT 31.9110 576 0.1371 0.3191
Proposed+RIFT 26.7091 534 0.1452 0.0918

Proposed+SIFT+APAP 20.9653 576 0.1655 0.3191
Proposed+RIFT+APAP 8.6876 534 0.1869 0.0918

Proposed+APAP 5.9181 1198 0.1930 0.1073

TABLE III
EXPERIMENTAL RESULTS FOR IMAGE NO 4. THE BEST RESULTS IN THIS

TABLE HAVE BEEN MARKED.

Methods RMSE NOCC MI ROCC
Manual 12.0994 10 0.0257 ∗
SIFT 7.5104 1248 0.0581 0.2323
SURF ∗ ∗ 0.0558 ∗
RIFT 5.0992 619 0.0651 0.0542

Proposed+SIFT 6.9672 1625 0.0598 0.2827
Proposed+RIFT 3.3518 716 0.0749 0.0621

Proposed+SIFT+APAP 2.8563 1625 0.0842 0.2827
Proposed+RIFT+APAP ∗ 716 ∗ 0.0621

Proposed+APAP 1.7651 3025 0.0853 0.1101

Fig. 9. This histogram represents the RMSE test value results of different
feature algorithms on our data set.

sensing image with MI. The MI are calculated as follows:

MI(R, T ) = H(R) +H(T )−H(R, T ) (34)

where H(R) and H(T ) are the information entropy of the
reference image and the target image. The joint entropy in the
reference image and the target image is H(R, T ).

H(R) = −
255∑
i=0

PX(i) log(PX(i)) (35)

Authorized licensed use limited to: NANKAI UNIVERSITY. Downloaded on February 11,2022 at 02:24:40 UTC from IEEE Xplore.  Restrictions apply. 



0196-2892 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TGRS.2022.3141101, IEEE
Transactions on Geoscience and Remote Sensing

10

TABLE IV
EXPERIMENTAL RESULTS FOR IMAGE NO 7. THE BEST RESULTS IN THIS

TABLE HAVE BEEN MARKED.

Methods RMSE NOCC MI ROCC
Manual ∗ 10 0.0191 ∗
SIFT 9.8022 170 0.0331 0.1847
SURF ∗ ∗ 0.0176 ∗
RIFT 9.7730 320 0.0345 0.0582

Proposed+SIFT 11.2113 284 0.0304 0.2746
Proposed+RIFT 9.6149 327 0.0346 0.0594

Proposed+SIFT+APAP ∗ 284 ∗ 0.2746
Proposed+RIFT+APAP 4.8741 327 0.0485 0.0594

Proposed+APAP 3.2885 791 0.0503 0.0744

Fig. 10. The line chart is the result of ROCC comparison between our ARMF
algorithm and RIFT and SIFT respectively.

H(R, T ) = −
255∑
i=0

PXY (i, j) log(PXY (i, j)) (36)

where PX(i) represents the gray-level probability distribution
of X , and the joint probability distribution of X and Y
is represented by PXY (i, j). Among them, the XY joint
probability distribution and marginal probability distribution
of X and Y are obtained through statistical histograms.

Usually, there are many incorrect matching point pairs in
the image matching result. The number of false correspon-

Fig. 11. This histogram represents the MI test value results of different feature
algorithms on our data set.

dences (NOFC) has a negative impact on the accuracy of the
registration result. Therefore, we use the ROCC to evaluate
the robustness of the registration method. All methods and
experiments are implemented on Intel Core i7-7700 4.2-GHz
processor, NVIDIA GeForce GTX 1080ti with 16 GB of
physical memory.

ROCC =
NOCC

NOCC +NOFC
(37)

C. Results and Discussion

In summary, we want to to verify the feature robustness,
accuracy and advantages of multiple feature combinations in
adaptive region amplification, we have selected three remote
sensing image configurations: SIFT [16], SURF [19], and
RIFT [41]. These methods are compared with the proposed
method. In addition, these methods are widely used in remote
sensing image processing. We tested on multi-temporal data
sets in different area. Figs. 9-11 depict the comparative results
of the RMSE, ROCC, and MI. In addition, we use RANSAC
[42] to remove outliers. The dratio of all the compared methods
is set to 0.6, and the line segment edges detection thresholds
value is set to 0.2.

From the results, our algorithm is better than the results of
SIFT, SURF and RIFT when it is applied to large-scale remote
sensing image pairs. The accuracy of MI and RMSE, and
the robustness of multi-temporal remote sensing image feature
matching also are better. In order to ensure the fairness of the
data results, we selected 5-10 different image local regions
when testing the registration accuracy of RMSE. The results
of multiple image regions are averaged to reduce the error
caused by the feature matching error elimination algorithm. All
the results use the same set of error removal and calculation
methods. Due to the changes in the local background features
of the large-scale multi-temporal images, most of the image
local region have mismatch features or the few matching
features. In Fig. 8, we select three images (pairs in Fig.7) from
different area to show the specific image matching result and
comparison. In Tables II-IV, where “∗” represents the feature
matching failure. Compared with the algorithms, the results
obtained by our method with the lower RMSE.
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Fig. 12. (a), (c) and (e) the results of checkerboard mosaic images from multi-temproal image pairs; (b) The local image region I, (d) The local image region
II, (f) The local image region III.

We made a experimental comparison of ROCC between
SIFT and RIFT. In the experiment, the NOCC may be
repeated, but does not affect the calculation of the final
transformation model. The main results are shown in Fig. 10.
It can be seen from the data comparison that our adaptive
region amplification and feature search strategy improves the
accuracy of the original features and the number of matches.
Finally, we can find a sufficient number of correct feature
matches.

The histogram shown in Fig. 11 is the MI value of the
image after testing nine pairs of multi-temporal image data
with our method. It can be seen from the figure that our
method also improves the registration accuracy of the image
correspondingly, while, the similarity ratio is higher.

The ARMF algorithm extracts a sufficient number of correct
feature matching relationship pairs and we obtain a more
uniform matching feature distribution, which increases the
features robustness of process in multi-temporal large scale
high-resolution remote sensing image. The registration result is
shown in Fig. 12, and we use the checkerboard stitching image

to represent the final registration result, which can intuitively
see the degree of deviation between the two images. It can
be seen that our method has good robustness and applicability
on multi-temporal large scale high-resolution remote sensing
images from the figure, and provides an excellent solution for
the accurate registration of large scale remote sensing images.

V. CONCLUSIONS

A robust and accurate multi-temporal large-scale high reso-
lution remote sensing image registration strategy called ARMF
was proposed in this paper. Our algorithm included: 1) Adap-
tive multiple features extraction and combination; 2) Adaptive
image region amplification; 3) Image region downsampling
and feature remapping. The proposed ARMF algorithm can not
only adaptively eliminates the good correspondences matching
pairs among multiple features, but also adaptively selected the
number of features through pyramid image regions amplifica-
tion. Then, we downsample the amplified image region and
feature remapping, thus, reducing the cost consumption of the
overall algorithm. Finally, we calculate the feature distribution
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after all the ARMF algorithm to achieve the registration of
the image. Experimental results on large-scale image data
demonstrated the effectiveness of the proposed method. In the
future, we will research how to efficiently and quickly improve
the processing speed of large scale image registration, so that it
can be efficiently applied to image processing research fields,
such as image stitching, change detection, etc.
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