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Abstract  
Remote sensing image registration is the method of aligning two images from the same scene taken under different imaging 

circumstances containing different times, angles, or sensors. Scale-invariant feature transform (SIFT) is one of the most 

common matching methods previously used in the remote sensing image registration. The defects of SIFT are the large 

number of mismatches and high execution time due to the high dimensions of classical SIFT descriptor. These drawbacks 

reduce the efficiency of the SIFT algorithm. To enhance the performance of the remote sensing image registration, this 

paper proposes an approach consisting of three different steps. At first, the keypoints of both reference and second images 

are extracted using SIFT algorithm. Then, to increase the speed of the algorithm and accuracy of the matching, the SIFT 

descriptor with the vector length of 64 is used for keypoints description. Finally, a new method has been proposed for the 

image matching. The proposed matching method is based on calculating the distances of keypoints and their transformed 

points. Simulation results of applying the proposed method to some standard databases demonstrated the superiority of this 

approach compared with some other existing methods, according to the root mean square error (RMSE), precision and 

running time criteria. 
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1- Introduction 

Image registration is a keystone in programmed remote 

sensing image analysis such as change detection, image 

synthesis and image mosaic [1, 2]. Remote sensing image 

registration (RSIR) is the procedure for finding geometric 

transformation models between multiple remote sensing 

images, taken at different times or viewpoints or by 

different cameras or sensors [3, 4]. In general, registration 

methods of remote sensing images are categorized in 

intensity-based and feature-based approaches [3, 5, 6]. The 

former techniques use the intensity distribution in the 

masks of the same sizes. To this end, using similarity 

arrays, parameters of the geometric transformation model 

are tuned. Common similarity indices for RS images 

include mutual information (MI) [7] and phase correlation 

[8]. Accordingly, intensity-based techniques encounter 

various challenges [9, 10]. One main challenge is that for 

images with large intensity differences, overlapping 

regions in the images become limited [11]. Additionally, 

the run-time of these approaches is high, since they make 

use of the whole content in the image [12]. In [3, 13] 

several registration methods are compared, confirming that 

the feature-based techniques attain higher performance 

indices for remote sensing images registration. Feature-

based approaches find salient features of the images; and 

afterwards they compute the matching and all parameters 

of the transformation [14]. Harris [15], scale-invariant 

feature transform (SIFT) [16], and speed-up robust feature 

(SURF) [17] are typically used in the feature-based RSIR. 

The SIFT algorithm is robust against scale and rotation 

changes and also intensity variations, affine distortion and 

noise [18]. Although these advantages made this algorithm 

significant in the registration process, the complex nature 

of remote sensing images has resulted in many mismatches 

[13, 19, 20].  

Several studies have been conducted on the enhancement 

of the matching accuracy of the RS images in the feature 

extraction and descriptor computation steps. In [21], SIFT 

was adapted for multi-modal remote sensing image 

registration. This method considered a threshold value of 

0.08 to remove keypoints with low contrast, and an 8×8 
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window to create a descriptor for keypoints. In [20] the 

AB-SIFT descriptor is proposed to improve the matching 

of RS images. In this method, the features are identified 

using the Hessian. Then for each feature, one direction is 

considered according to the SIFT method. Finally, the 

proposed AB-SIFT descriptor and the nearest neighbor-

based matching method are used to match the images. In 

[13] the uniform robust SIFT (URSIFT) algorithm was 

introduced, in which extracted features were made uniform 

in terms of spatial and scale distribution. Via this method, 

the features were distributed uniformly in the image and 

then, the nearest neighbor-based matching is used to match 

the remote sensing images. In  [22] an effective SIFT-

based mode-seeking algorithm was proposed in order to 

register the remote sensing images. To eliminate the 

outliers, the authors used mode seeking of scale, rotational 

difference, and vertical and horizontal shifts between all 

SIFT keypoints. In [23], the scale restriction SIFT 

(SRSIFT) was introduced that eliminated a number of 

mismatches by gradient orientation modification and scale 

restriction criteria. The main challenge in the SRSIFT 

algorithm is high execution time due to the high 

dimensions of its descriptor. These problems led to 

interference in the process of remote sensing image 

registration. Although these improvements have increased 

the accuracy of the correspondence, on the one hand, there 

are still a number of incorrect correspondences in the SIFT 

algorithm. Indeed, in some applications, including object 

identification, even an incorrect correspondence interferes 

with this process. On the other hand, all the reviewed 

methods have increased the accuracy of the comparisons 

by reducing the total number of correspondences, while 

the total number of correspondences is very effective in 

subsequent processes. Nowadays, creating matching 

methods which can match the maximum keypoints and 

create the most correct matches has been one of the 

important challenges. 

In this paper, first the keypoints are identified using the 

SIFT. The first innovation of this paper is the use of a 64-

dimensional SIFT descriptor to describe keypoints in 

remote sensing images, which improves the speed and 

increases the matching accuracy compared to the classic 

128-dimensional SIFT descriptor. The NNDR matching 

method is one of the common methods of local matching, 

which has problems, such as increasing the number of 

local incorrect matches and matching multiple errors. Next 

innovation, a global matching method is introduced to 

solve these problems. The proposed matching method is 

based on calculating the distances of keypoints and their 

transformed ones. The proposed matching method does 

not create multiple matches and local incorrect matches. 

The proposed matching method was able to match the 

maximum keypoints and maximized the correct matches. 

The remainder of article is organized as follows. Section 2 

presents the NNDR matching method and its problems. 

Section 3 presented the proposed method. In section 4 

results are described and the paper is concluded in section 

5. 

2- NNDR Matching Method and Its Problems  

In this section, the NNDR matching method is described 

briefly, and then the disadvantages of this algorithm in the 

remote sensing image registration are reported. 

2-1- NNDR Matching Method 

The matching operation is done using descriptors of each 

feature. First the Euclidean distance between descriptors in 

both images is computed and then an appropriate nearest 

neighbor distance ratio (NNDR) criterion is used. For each  

feature descriptor (
iFD ) in the first image, its Euclidean 

distance to the first nearest ( jSD ) and the second nearest 

(
mSD ) neighbors in the second image are calculated, and 

their ratio is computed according to (1) [24]. If this ratio is 

smaller than a pre-determined threshold value 
eT , the 

matching is performed. The value of 
eT  is set at 0.8 [16].  

i j

e

i m

FD SD
T

FD SD





 (1) 

2-2- NNDR Matching Method Problems  

The NNDR matching method is a common method, which 

one of its drawbacks is creating multiple matches, as 

shown in the schematic Fig. 1. In the figure, the NNDR 

method has matched the keypoints of p3, p4, and p5 to a 

same point at q4 (i.e., multiple matches). In this 

illustration, matches done for keypoints p5 and p3 are 

incorrect. On the other hand, the NNDR is a local 

matching method; thus, it cannot generate an accurate 

model for the whole image. For example, the point p5 is 

located in the vicinity of point p4 which is another 

weakness of this matching method; that causes p5 to be 

mistaken for q4. Multiple matches and local matchings 

increase incorrect correspondences and decrease matching 

accuracy; the importance of which leads to the proposal of 

a novel matching method based on a global transformation 

model.  
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Fig. 1 The NNDR based matching method 

 

 

Fig. 2 Remote sensing image registration system 

3- The proposed Method 

This paper focuses on the feature-based registration 

method for RS images. Fig. 2 shows the proposed system 

containing four main phases including (1) feature 

extraction using the SIFT, (2) descriptors creation using 

64-D SIFT descriptor, (3) matching process using the 

proposed method, and (4) making the transformation 

model. In this matching approach, other feature extraction 

algorithms can also be replaced for different 

circumstances, for example the improved versions of 

SIFT, Fast, KAZE and etc. 

3-1- Feature Extraction 

Features of images are identified by the SIFT method. 

Details of the SIFT are referred to [16].  

3-2- 64-D SIFT Descriptor Creation 

Once the keypoints are extracted using the SIFT algorithm, 

the next phase is to create a descriptor as a tool for finding 

matches between images. In this paper, the 64-D SIFT 
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descriptor is used instead of  the 128-D one, using a 

smaller window [25]; as shown in Fig. 3. In this figure, the 

keypoint is represented by a blue circle, whose eight 

neighborhoods are considered according to each keypoint 

around it. Then, eight directions are found for each 

neighborhood and a 64-D descriptor is created. This 

descriptor window increases the matching accuracy and 

reduces the run-time.   

 

Fig. 3 a 64-D SIFT descriptor 

3-3- Matching Process using the Proposed Global 

Matching 

In this sub-section, to solve the problems of the NNDR 

matching method due to its locality, a new global approach 

is proposed. In this method, each keypoint in the first 

image is checked with all the keypoints in the second 

image, and then the point that has a better fit than the 

whole set is selected to be match to the desired candidate. 

This global matching method is based on the Euclidean 

distances and the transformation model, which is shown in 

Fig. 4 and described next. 

 First, the Euclidean distance between each keypoint in 

the first image and all keypoints in the second image is 

computed, and this operation is performed for all 

keypoints in the first image, to create an m×n matrix. 

Here, m  and n are the numbers of keypoints in the first 

and second images respectively. 

 In each row of this matrix, the smallest Euclidean 

distance is considered as the candidate matching of that 

keypoints in the first and second images. For example, 

in Fig. 4, the pairs 
1 1p q , 

2 2p q , 
3 3p q , 

4 3p q , 

5 5p q , 
6 6p q  and 

7 4p q  are considered as candidate 

matches. 

 To compute the transformation parameters and the 

model, three pairs of candidates with the least 

Euclidean distance, while simultaneously far away each 

other at least by three pixels are selected. In Fig. 4, the 

pairs 
1 1p q , 

3 3p q  and 
6 6p q are selected to compute 

the parameters and the model. It is noted that the pair 

4 3p q  is not chosen since the distance of 
4p  to 

3p  is 

less than three pixels. 

 The transformation model is computed from the 

mentioned three pairs of candidate points, as in  

 (2). Here,  represents the model parameters. 

    , , ,x y T x y     (2) 

 The distance between each candidate matching point 

and its transformed point is computed in the second 

image. If this distance is less than a specified threshold, 

the candidate matching point will be approved, 

otherwise it will not be matched according to (3). 

  2 2, ( ) ( )i j i j i jdis p q x x y y       

( , )i jdis p q T   
(3) 

In (3), ( , )i jdis p q  is the distance between the candidate 

point 
jq  and the transformed point 

ip  .  The threshold 

value T is simply set at 1.  

3-4- Transformation Model Estimation 

Several transformation models including affine, similarity, 

and the thin-plate spline (TPS) are utilized for the 

geometric distortion between images [26]. The 

transformation model type is selected according to the 

number of matches. Similarity [27] and affine distortion 

[28] are applied in the system of this work. The similarity 

transformation is chosen where the matches are two and 

the affine one is selected when this number is in the range 

of 3-6. Finally, the transformation parameters are 

computed by the least-square method [29]. 

4- Results 

In this part, the functioning of the proposed method was 

evaluated using the database in [13]. This database 

contains five sets of remote sensing images with different 

texture conditions, such as urban areas and natural 

landscapes (see Table 1). To perform a fair evaluation, a 

comparison is made with the classical SIFT-NNDR 

matching [16], SURF-Delaunay triangulation 

matching(SURF-DTM) [30] , SURF-NNDR matching [17], 

SIFT-Sparse Coding(SIFT-SC) [31] and improved 

SUSAN [32]. The tests were executed on a PC with Intel® 

Core
TM

 i7 processor and 16 GB RAM memory, 

implemented in MATLAB®2018A software. Evaluation 

criteria and the results of the tests are reported next. 

4-1- Evaluation Criteria 

To assess the functioning  of the proposed method, four 

assessment indices including RMSE, SITMMR [33], 

SITMMC [33], and precision are used, as formulated 

respectively in (4-7). In (4), (xi,yi) and (xi
'
,yi

'
) are the 

coordinates of the i
th

 matched points pair, and  NBTM is the 

total number of matches. Also, in (5-7), NBCM  and NBFM  

denote the number of true and false matches, respectively. 

A system with high SITMMC and precision, and also low 
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SITMMR and RMSE is appropriate for the registration 

task. 

 

   
2 2

1
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Fig. 4 Flowchart of the proposed matching method 

Table 1: Properties of the datasets of the remote sensing images 

No. Satellite Spectral Mode Image Size  Pixel Size Bits Per Pixel Acquisition Date Location 

1 
SPOT4 Multispectral Band: 1 611×1235 20 8   2001 China-Hangzhou 

Landsat TM Multispectral Band: 3 648×1230 30 8 2004 China-Hangzhou 

2 
SPOT5 Panchromatic 1311×1215 10 8 2006 Canada-Halifax 

Landsat ETM+ Multispectral Band: 3  440×410 30 8 1999 Canada-Halifax 

3 
IRS-1C Panchromatic 1346×1135 5 8 1998 Iran-Tehran 

SPOT4 Panchromatic 700×590 10 8 1996 Iran-Tehran 

4 
IKONOS Panchromatic 1288×1085 1 11 2001 Iran-Shiraz 

IRS-P6 Panchromatic 651×548 2.5 10 2006 Iran-Shiraz 

5 
IKONOS Panchromatic 2335×1987 1 11 2004 Iran-Tehran 

IRS-1C Panchromatic 567×482 5 8 1998 Iran-Tehran 

 

4-2- Experimental Setup 

Four experiments were performed to assess the 

functioning of the proposed method in the remote sensing 

image registration task. In the first experiment, the 

functioning of the matching phase is examined. In the 

second experiment, the registration process is evaluated. 

Then, images artificially contaminated by different speckle 

noises were used. Finally, the proposed matching method 

was evaluated on other detectors such as SURF, FAST and 

KAZE. 

4-2-1- Experiments for the Matching Process 

In this experiment, the database [13] was used to assess 

the functioning of the proposed method for the matching 

process; the results of which are shown in Fig. 5 and Table 

2. The number of matchs in SURF-NNDR and SURF-

DTM is low. In SIFT-NNDR and SIFT-SC, the number of 

matches is good, but there are a lot of incorrect matches. 

In the proposed method, compared to other methods, the 

number of matches is good and there is no wrong match in 

Fig.5. As it is clear, the proposed method had higher 

performance than the classic SIFT-NNDR, SURF-DTM, 

SURF-NNDR and SIFT-SC. In the SIFT and SURF 

matching algorithms, using the method based on the 

NNDR, the total number of matches is reduced and the 

number of incorrect matches is increased. However, the 

proposed method increased the number of correct matches 

and reduced the number of mismatches. Also, the results 

reported in Table 2 confirmed that our approach revealed 

higher performance rates with respect to the others. This 

reflects that this approach outperformed the classic 

algorithms (SIFT-NNDR matching, SURF-NNDR 

matching, SURF-DTM, Improved SUSAN) in terms of the 

mentioned performance criteria. As shown in Table 2, the 

run-time of our approach was higher than that of the 

SURF; but the run-time of the proposed method was 

shorter than the SIFT-SC and SURF-DT algorithms; since 

the proposed method uses a smaller-length descriptor. 

4-2-2- Experiments for the Registration Process 

In this test, four pairs of remote sensing images [13] are 

used and the functioning of the registration methods is 

investigated; the results are shown in Fig. 6 and Table 3. 

The black areas in Fig. 6 represent the incorrect 

registrations. These areas in the SIFT-NNDR matching 

and SURF-DTM algorithms were due to several incorrect 

matches. While, the proposed method, the registration 

process performed well thanks to the improvement of the 

matching algorithm. Based on the RMSE (as one of the 

important indices in the registration process), our approach 

was shown to do well. 

4-2-3- Experiments for the Images with Simulated 

Noise 

In this experiment, simulated remote sensing images with 

different speckle noises were used to evaluate the 

performance of the proposed method. We added a 

multiplicative noise to any remote sensing image   using 

the relation         ; in which   denotes a speckle 

noise with mean        and different variances 

                    . The results are shown in Fig. 7. 

From Fig. 7, it is deduced that the number of correct 

matches decreased with the increase of the noise variance 

in both SIFT-NNDR matching and the proposed method. 

However, the values for our approach were higher than 

those for the basic SIFT-NNDR matching. This validates 

the higher robustness of the proposed method against the 

speckle noise. Based on the results of this experiment and 

due to the persistent existence of speckle noises in natural 

remote sensing images, our approach is expected to work 

well for matching these images. Also, this technique could 

be generalized to other types of images such as SAR 

images, which are usually corrupted by speckle noises.   
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(a) 

 
(b) 

 
(c) 

  
(d) 

 
(e) 

Fig. 5 Results of the remote sensing image matching; (a) the classic SIFT- NNDR matching [16]; (b) SURF-NNDR matching [17]; (c) SIFT-SC [31] (d) 
the SURF-DTM [23]; (e) the proposed method. The squares in this figure show the mismatches.
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(a) 

 
(b) 

 
(c) 

Fig. 6 Remote sensing image registration. Labels are set for the subfigure columns. (a) the SIFT-NNDR matching [16]; (b) the SURF- DTM[23]; (c) the 

proposed method  

 
Fig. 7 Comparison of the performance of the SIFT-NNDR matching and proposed method for noisy images. The vertical and horizontal axis represent the 

number of correct matches and noise variances, respectively. 
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Table 2: Performance results of the proposed method and other methods 

Method SITMMC SITMMR Precision Time (s) 

SIFT [16] 0.69 0.31 0.69 0.52 

SURF [17] 0.66 0.34 0.54 0.36 

SURF- DTM [30] 0.55 0.44 0.66  0.68 

Imp- SUSAN [32] 0.63 0.36 0.72 0.62 

SIFT-SC [31] 0.74 0.26 0.79 0.72 

The proposed method  0.90 0.09 0.92 0.65 

 
Table 3: RMSE results of the classic methods and the proposed method  

Method RMSE 

SIFT-NNDR matching [16] 11.43 

SURF-NNDR matching [17] 12.02 

SURF-DTM [30] 10.98 

RKEM-SIFT [18] 9.82 

Improved SUSAN [32]  8.46 

SIFT-SC [31] 7.38 

The proposed method 6.26 

Table 4: Results of the proposed matching method on other detectors 

Method  Precision 

SURF-proposed global matching 0.73 

SURF-NNDR matching 0.52 

FAST- proposed global matching 0.59 

FAST-NNDR matching  0.48 

KAZE- proposed global matching 0.65 

KAZE-NNDR matching 0.57 

4.2.1 Applying the proposed Matching 

Method to Other Detectors 

In this experiment, the functioning of the proposed 

matching method on other feature extraction algorithms 

such as SURF, FAST, KAZE was evaluated and the 

results are shown in Table 4. As shown in Table 4, 

performance of the proposed matching method is more 

effective on SURF, FAST and KAZE identifiers. Precision 

in SURF-proposed global matching and KAZE-proposed 

global matching is better than FAST-proposed global 

matching. 

5- Conclusion 

  In this paper, a novel approach to the remote sensing 

image registration process was introduced using a 

combination of the SIFT method, the 64-D SIFT 

descriptor and the proposed global matching method. 

Initially, using the SIFT algorithm, keypoints are extracted 

from images and a 64-D SIFT descriptor is used to 

describe keypoints. Finally, a new method based on the 

Euclidean distances of keypoints and the transformation 

model is proposed to improve matching. The main goals of 

the proposed method were to improve the matching 

performance criteria and the run-time. For the future work, 

improvement of the next processes including remote 

sensing image mosaicking could be considered. 
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