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Abstract: The purpose of image registration is to find the symmetry between the reference image 

and the image to be registered. In order to improve the registration effect of unmanned aerial vehicle 

(UAV) remote sensing imagery with a special texture background, this paper proposes an improved 

scale-invariant feature transform (SIFT) algorithm by combining image color and exposure infor-

mation based on adaptive quantization strategy (AQCE-SIFT). By using the color and exposure in-

formation of the image, this method can enhance the contrast between the textures of the image 

with a special texture background, which allows easier feature extraction. The algorithm descriptor 

was constructed through an adaptive quantization strategy, so that remote sensing images with 

large geometric distortion or affine changes have a higher correct matching rate during registration. 

The experimental results showed that the AQCE-SIFT algorithm proposed in this paper was more 

reasonable in the distribution of the extracted feature points compared with the traditional SIFT 

algorithm. In the case of 0 degree, 30 degree, and 60 degree image geometric distortion, when the 

remote sensing image had a texture scarcity region, the number of matching points increased by 

21.3%, 45.5%, and 28.6%, respectively and the correct matching rate increased by 0%, 6.0%, and 

52.4%, respectively. When the remote sensing image had a large number of similar repetitive regions 

of texture, the number of matching points increased by 30.4%, 30.9%, and −11.1%, respectively and 

the correct matching rate increased by 1.2%, 0.8%, and 20.8% respectively. When processing remote 

sensing images with special texture backgrounds, the AQCE-SIFT algorithm also has more ad-

vantages than the existing common algorithms such as color SIFT (CSIFT), gradient location and 

orientation histogram (GLOH), and speeded-up robust features (SURF) in searching for the sym-

metry of features between images. 

Keywords: unmanned aerial vehicle remote sensing image; special texture background; image  

registration; color and exposure information; adaptive quantization strategy 

 

1. Introduction 

With the rapid development of modern technology, new aerospace platforms have 

begun to emerge [1,2]. Remote sensing technology is not only limited to the surveying and 

mapping of topographic maps, but increasingly plays an extremely important role in 

fields such as environmental protection [3], disaster monitoring [4], cultivated land sur-

veys [5], smart cities [6], and detection and tracking [7]. Compared with the traditional 

aerospace platform, unmanned aerial vehicles (UAVs) have the advantages of low cost, 

flexible take-off and landing, and low requirements for meteorological conditions. There-

fore, UAV remote sensing technology has become another important source of geographic 

remote sensing information in addition to satellite remote sensing and ordinary aerial re-

mote sensing, especially in some areas where field conditions are difficult and hard to 

reach by humans such as snowy areas, jungles, deserts, and other areas. Using UAV to 
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capture remote sensing images can not only save a lot of material consumption and labor 

costs, but also greatly improve work efficiency. 

Image registration technology as a key link of modern remote sensing technology as 

the results will directly affect the subsequent scientific research and practical applications. 

At present, image registration algorithms can be roughly divided into three types: pixel 

grayscale-, image feature-, and transform domain-based image registration algorithms. 

Because the UAV is affected by wind direction, terrain, and other factors in low alti-

tude remote sensing operation, it leads to the deviation of course and attitude angle, mak-

ing the acquired images often have differences in translation, illumination, rotation, angle 

of view, zoom, and so on. The registration algorithm based on image features [8] can better 

overcome these differences, find out the symmetry of the feature between the reference 

image and the image to be registered, improve the effect of image registration, so it has 

been widely used in the field of remote sensing. During the remote sensing operation, 

when shooting farmland, woodland, desert, snowy area, and other topography, the image 

texture will appear as a large number of similar repetitions or scarcity, that is, remote 

sensing images with a special texture background. Remote sensing images with special 

texture background often show problems such as low gray-scale contrast, irregular local 

gray-scale texture, and the local geometric distortion of the image is significant. In re-

sponse to the above problems, Schmid, C. [9] used Harris-Laplace to match low-altitude 

images with small scale changes; Bay, H. [10] proposed a more complicated way of image 

matching by combining regions and line segments. The KAZE algorithm proposed by Al-

cantarilla, P.F. [11] could enhance the texture details in remote sensing images; Sun, Y. 

[12] proposed the method of using the homography of line segment to constrain in online 

matching, which performs well in the region with gentle landform; and Yuan, X. [13] pro-

posed a more complicated method based on graph theory to match remote sensing im-

ages. On the basis of comparing the performance of the most commonly used keypoint 

detectors and descriptors [14], Moghimi, A. [15] proposed a novel framework to radio-

metrically correct unregistered multisensor image pairs, where this method has achieved 

good results. However, most of the current algorithms are only studied for a single prob-

lem, however, in the face of a variety of complex situations, the effect is often not ideal. 

The scale-invariant feature transform (SIFT) algorithm is currently one of the most 

representative algorithms in the field of feature registration [16,17]. It is widely used in 

computer science, medical imaging, remote sensing, and other fields because of its good 

uniqueness, high speed, and expandability [18–20]. However, when the SIFT algorithm is 

applied to remote sensing image registration with special texture backgrounds, when the 

image has a texture scarcity region, the feature points cannot be extracted. When the im-

age has a large number of similar repetitive regions of texture, it will lead to the polysemy 

of the feature points, resulting in a large number of mismatches in the process of matching. 

Camera jittering affected by the surrounding environment will cause the image to have 

significant local geometric distortion, which will result in a decrease in the distinguisha-

bility of the extracted feature points, resulting in a low matching rate. 

According to the problem of the SIFT algorithm, an improved SIFT algorithm com-

bining image color and exposure information based on adaptive quantization strategy is 

proposed (AQCE-SIFT). First, the color and exposure information are used to enhance the 

gray contrast of the image. When processing remote sensing images with special texture 

backgrounds, the number of extracted feature points is greater, the distribution is more 

uniform, and the number of matching points is increased. Second, the adaptive quantiza-

tion strategy is used to improve algorithm descriptor, make the feature points extracted 

more unique when there are geometric distortions or affine changes in the image, and the 

correct match rate is improved. The experimental results showed that the method pro-

posed in this paper can better obtain the symmetry information between the images to be 

registered. 
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The rest of this paper is organized as follows. First, Section 1 introduces the research 

background; Section 2 gives a detailed introduction to the proposed AQCE-SIFT algo-

rithm; Section 3 introduces the experimental environment and evaluation methods; and 

Section 4 gives the experimental results and analysis. Finally, Section 5 presents our con-

clusions. 

2. Method 

The traditional SIFT algorithm includes the following five steps: (1) grayscale trans-

formation; (2) extreme value detection; (3) locate the feature points; (4) main direction of 

the feature point; and (5) the feature point description. The proposed AQCE-SIFT algo-

rithm in this paper will mainly improve the grayscale transformation in step1 and the 

feature point description in step 5. Figure 1 shows the flow chart of the algorithm pro-

posed in this paper. 

 

Figure 1. Flow chart of the AQCE-SIFT algorithm. 

In order to better describe the algorithm proposed in this paper, the proposed 

algorithm was divided into three parts in the following content of this section, that 

is: (1) Feature extraction combining image color and exposure information; (2) Detec-

tion area division and direction determination; and (3) Descriptor construction based 

on adaptive quantization strategy. 

2.1. Feature Extraction Combining Image Color and Exposure Information 

For remote sensing images with special texture backgrounds, ignoring the color and 

exposure information will cause the image contrast to decrease. The SIFT algorithm only 

relies on the gray information of the image to extract image features, which is not suitable 

for images with special texture backgrounds. 

In order to improve the accuracy of feature point extraction for special texture back-

grounds without increasing the dimension of the gray image, the color offset of the color 

image was integrated into the gray image to improve contrast, and the image exposure 

offset was added to make the texture edge more prominent. 

2.1.1. Using Color Offset to Enhance Gray Contrast of Image 

The color offset of image was obtained through reducing the dimension of the three-

dimensional color space and calculated in the ����� color space. 

First, as shown in Equation (1), the original color image in the ��� space was con-

verted to the ����� space. 

� =  0.299� +  0.587� +  0.114�
��  =   −0.169� −  0.331� + 0.500� +  128
��  =  0.500� −  0.419� −  0.081� +  128

 (1)
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where �, �, �, and � represent the red, green, blue, and brightness components of the 

color image, respectively. ��, �� denote the blue and red chromaticity components, re-

spectively. 

Next, the color image from the three-dimensional ����� space was mapped to the 

two-dimensional ���� space by Equation (2) and the color offset ��  can be calculated by 

Equation (3) [21]. From Equation (3), we can see the functional characteristics of solving 

the color offset �� ; when ′′�� = ��′′ in the equation, it indicates that the color character-

istic is neutral, and the function of solving ��  crosses the origin. Therefore, ��  is a non-

linear function passing through the origin. In Equation (3), �� and �� represent the av-

erage value of �� and �� by comparing the values of �� and ��, We can obtain more 

information on the color characteristics of the input image, if �� is greater than ��, it 

indicates that the blue feature in the input image has a larger proportion, otherwise, the 

red feature has a larger proportion, � is the contrast parameter, � is the range parameter, 

� and � are both positive real numbers. Generally speaking, 1 ≤ � ≤ 4, 0.4 ≤ � ≤ 0.6. 

�
��

��
�  =  �

 −0.169  −0.311 0.500
0.500  −0.419  −0.081

� �
�
�
�

� + �
128
128

�  (2)

��  =  � ×  ���(��  − ��)  ×  ���(��  − ��)  ×  |��  − ��|� (3)

Finally, the one-dimensional grayscale image with color offset generated by the color 

image projection from the three-dimensional space can be represented by the sum of � 

and �� : 

� = � + �� = � + � × ���(��  − ��) × ���(��  − ��) × |��  −  ��|� (4)

2.1.2. Image Exposure Adjustment 

The closer the average brightness component is to the intermediate value of 128, the 

clearer the image details [22]. Therefore, in order to show more details in the image and 

enlarge the difference between pixels, the adjustment intensity should be the largest for 

the pixels with a gray value near 0 or 255. In the above-mentioned �, the adjustment in-

tensity of pixels with gray value near 128 was the smallest, so we used the Gaussian 

weighting function to realize this idea. Exposure offset ��  can be calculated from Equa-

tion (5). 

�� = (128 −  ��) × 

���[ − (��  −  0.5)�/2��] 
(5)

where �� is the average value of �, so we used (128 −  ��) to adjust the exposure; �� 

is the normalized standard value of �; and �� =
�

���
. 

2.1.3. Image Grayscale Method Combining Color and Exposure Information 

After the above steps, the color offset �� , exposure offset �� , and brightness compo-

nent � can be obtained, and the improved grayscale image �� combining image color 

and exposure information can be calculated from Equation (6). 

�� =  � + �� + �� (6)

2.2. Detection Area Division and Direction Determination 

In the grayscale image ��, a circular region �� with a constant radius and a size of 

41 × 41 pixels was determined with the feature point as the center. Then, the main direc-

tion of feature points was determined, and the local area �� normalized by �� was ro-

tated along the main direction of the feature point. 
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2.3. Descriptor Construction Based on Adaptive Quantization Strategy 

How to improve the saliency and robustness of descriptors is the main research goal 

of the local image descriptor. At present, the most widely used descriptor is the SIFT de-

scriptor based on distribution, which adopts the four-quadrant structure, as shown in Fig-

ure 2a. 

  

(a)  (b) 

Figure 2. Descriptor structure diagram. (a) SIFT descriptor. (b) Feature descriptor structure based 

on adaptive quantization strategy. 

The SIFT descriptor has good stability for slight viewing angles and affine transfor-

mation. However, in order to obtain a larger field of view, the oblique rather than ortho-

graphic method is often used to obtain remote sensing images. In addition, affected by 

wind and other factors, the acquired image will have significant affine changes and local 

geometric distortion. The descriptor of the SIFT algorithm uses fixed sub-regions to divide 

the neighborhood of feature points, and the direction number of the gradient histogram 

in each sub-region is the same. This makes the sub-regions at different positions have the 

same proportions in the process of combining them into descriptors. Therefore, the SIFT 

algorithm cannot reduce the influence of distortion on the uniqueness of the descriptors 

and will lead to a lower matching success rate. 

In order to improve the saliency of descriptors, this section proposes a method of 

constructing feature descriptors using adaptive quantization strategies. First of all, a cir-

cular log-polar coordinate structure similar to the gradient location and orientation histo-

gram (GLOH) descriptor [23] will be used to construct the descriptor. Second, in the de-

scriptor structure, the inner circle closer to the feature point will use a smaller angle quan-

tization number than the outer circle. Third, in order to improve the robustness of the 

descriptor, for the sub-regions far away from the feature point, a smaller histogram direc-

tion quantization number should be used to divide the direction of the gradient histo-

gram. The construction process of the descriptor is as follows: 

First, the normalized local area �� is divided into � non-overlapping rings (includ-

ing the middle circular sub-region) centered on feature points (i.e., ��(1), ��(2), . . . , ��(�), 

and � is the radial quantization number). In this paper, we used the GLOH segmentation 

method and set � = 3 and the radii of ��(1), ��(2), ��(3) were 6, 11, and 15, respec-

tively; 

Then, we let the � = {��, . . . , ��} be the angular quantization set of different rings, 

and divide each ring ��(�) into the �� sub-region evenly according to the angle. The sub-

region is represented by ��(�, �), where � = {1,2, . . . , �}, � = {1,2, . . . , ��}. This step can di-

vide � non-overlapping rings (including the middle circular sub-region) into different 

sub-regions. 

Next, we let � = {��, . . . , ��} be the quantized set of the histogram direction of each 

subregion. According to the quantization number �� of the histogram direction, the di-

rection of the gradient histogram �(�, �) of each sub region ��(�, �) is divided. 

Finally, the constructed descriptor vector � can be expressed as: 
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� = {�(1,1), . . . , �(�, �), . . . , �(�, ��)}

� = {1,2, . . . , �}, � = {1,2, . . . , ��}
  (7)

The dimension � of the proposed descriptor can be obtained by Equation (8): 

� = ∑ ����
�
���   (8)

The higher the dimension of the descriptor, the more time-consuming the algorithm. 

In order to maintain the accuracy of the algorithm and avoid time complexity due to high 

dimension, we should control the value of � around 128. 

Table 1 shows the specific parameters to construct feature descriptors based on the 

adaptive quantization strategy proposed in this section, and we discuss how these param-

eters are determined in Section 4.2. Figure 2b shows the descriptor structure according to 

the parameters of Table 1. 

Table 1. Feature descriptor parameters based on adaptive quantization strategy. 

Parameter Name Adaptive Parameters 

Radial quantization number � � = 3 

Angle quantization set � � = {5,8,10} 

Histogram direction quantization set � � = {10,6,4} 

Dimension � � = 5 × 10 + 8 × 6 + 10 × 4 = 138 

3. Experiment 

3.1. Experimental Platform and Data Source 

1. The experimental environment of the software and hardware in this paper are as fol-

lows: 

Development Platform: Matlab2016a 

CPU: Intel(R) Core (TM) i5-8300H 

Graphics card: NVIDIA(R) GeForce GTX(R) 1060 6GB 

2. The image data sources in this paper were as follows: 

 The image data used to verify the performance of the algorithm comes from the 

public database [24]; and 

 The image data used for panoramic stitching comes from the self-built database 

of the research group. 

3.2. Evaluation Method 

In order to verify the applicability of the AQCE-SIFT algorithm in remote sensing 

images with special texture backgrounds, we selected the representative SIFT, color SIFT 

(CSIFT) [25], GLOH, and speeded-up robust features (SURF) [26] algorithm to compare to 

the proposed AQCE-SIFT algorithm. The experimental results were analyzed qualita-

tively and quantitatively from the number of extracted feature points and correct image 

matching rate. 

The number of extracted feature points is an important indicator in evaluating image 

feature extraction. 

The correct matching rate is another main indicator for evaluating image matching 

performance [27], which can be expressed by Equation (9). 

�� =
��

��
× 100%  (9)

where �� is the correct matching rate; ��  is the total number of matching points; ��  is 

the number of correct matching points; and ��  can be obtained by using the random sam-

ple consensus (RANSAC) algorithm to remove the number of mismatch points in �� . 
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4. Result Analysis 

4.1. Comparative Experiment and Analysis of Feature Point Extraction 

As shown in Figure 3, snowy area and farmland images have special texture back-

grounds. Feature point extraction experiments were performed on these two images. 

  

(a) Snowy area (b) Farmland 

Figure 3. Remote sensing images with special texture backgrounds. 

4.1.1. Feature Point Extraction in Texture Scarcity Region 

Figure 3a shows the remote sensing image of the snowy area. Due to the characteris-

tics of snow, there was no obvious structure in the snowy area and the surface texture 

features were lacking. Moreover, the background color of the area also tended to be single, 

which has a great impact on the extraction of image features. 

Comparative experiments were performed by our proposed AQCE-SIFT algorithm 

and some representative algorithms such as SIFT, CSIFT, SURF, and GLOH. The experi-

mental results are shown in Figure 4, and the numbers of extracted feature points are 

shown in Figure 5. 

  

(a) AQCE-SIFT (b) SIFT 

   

(c) CSIFT (d) SURF (e) GLOH 

Figure 4. Comparison experiment of the feature points extracted by each algorithm. 
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Figure 5. The number of feature points extracted by each algorithm. 

From Figure 4d, we can see that the SURF algorithm cannot extract feature points in 

the snow cover at the upper right of the image, which will affect the subsequent registra-

tion work. From Figure 4b,e, we can see that the feature points extracted by the SIFT and 

GLOH algorithms were mostly concentrated in the lower left of the image, and there were 

few feature points in the upper right of the image. As shown in Figure 4c, the number of 

the extracted feature points by the CSIFT algorithm was the highest among the five algo-

rithms, however, there were too many feature points extracted on the edge of the snow 

mountains and clouds in the image, which will affect the real-time performance and cor-

rect matching rate. As shown in Figure 4a, the number of feature points extracted by the 

AQCE-SIFT algorithm proposed in this paper was slightly greater than that of the SIFT 

algorithm, and in the upper right of the image, more feature points could be extracted 

than the other algorithms. The distribution of feature points was more extensive than 

other algorithms, and the number of feature points extracted on the edge of the snow 

mountains and clouds in the image was more reasonable. Therefore, the proposed algo-

rithm was more suitable for feature extraction when there were texture scarcity regions in 

the remote sensing images. 

4.1.2. Feature Point Extraction in Texture Similarity Region 

Figure 3b shows the remote sensing image of farmland. The texture of the farmland 

has regular geometric shapes. Generally speaking, the same crop will be planted in the 

same area, which makes the region show obvious texture repetition. Different areas will 

show different textures and colors due to different types of crops or crops at different 

growth stages. 

We used our proposed AQCE-SIFT algorithm and the other representative algo-

rithms to extract the feature points of Figure 3b. The results are shown in Figure 6, and 

the comparison of the number of feature points is shown in Figure 7. 

  

(a) AQCE-SIFT (b) SIFT 
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(c) CSIFT (d) SURF (e) GLOH 

Figure 6. Comparison of feature points extracted by each algorithm. 

 

Figure 7. The number of feature points extracted by each algorithm. 

As shown from Figures 6d and 7, the SURF algorithm cannot extract a sufficient num-

ber of feature points from farmland images. From Figure 6b,e, we can see that the feature 

points extracted by the SIFT and GLOH algorithms were mostly concentrated on the edges 

between different crop areas, and there were few feature points in the same crop area. As 

shown in Figures 6c and 7, the number of feature points extracted by the CSIFT algorithm 

was about three times that of the SIFT algorithm, and a certain number of feature points 

could be extracted in the same crop area. However, the CSIFT algorithm extracted too 

many feature points on the edges between different crop areas, and the distribution was 

too dense, which will affect the real-time performance of the algorithm. From Figures 6a 

and 7, we can see that the number of feature points extracted by the proposed AQCE-SIFT 

algorithm was twice that of the SIFT algorithm, and a reasonable number of feature points 

could be extracted in the same crop area and on the edges between different crop areas. 

Therefore, when there are large numbers of similar repetitive texture regions in the remote 

sensing image, the algorithm proposed in this paper is more suitable for feature extrac-

tion. 

4.2. Comparative Experiment and Analysis of Image Matching 

It is difficult to process the remote sensing image with special texture background, 

especially in the case of large affine change and local geometric distortion. In order to 

verify the performance of the proposed AQCE-SIFT algorithm, a group of snow images 

with few texture features and a group of farmland images with mostly similar texture 

features were selected for matching. Figure 3a,b are the benchmark images of snowy area 

and farmland, respectively, and Figures 8 and 9 are the images to be matched of the snowy 

area and farmland, respectively. Figures 8b,c and 9b,c are simulated distortion images for 

different angles generated by model simulation based on projection transformation. 
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(a) The snow image to be matched (b) Deflection 30° (c) Deflection 60° 

Figure 8. The snow image to be matched with different geometric distortion angles. 

 

 

 

(a) The farmland image to be matched (b) Deflection 30° (c) Deflection 60° 

Figure 9. The farmland image to be matched with different geometric distortion angles. 

The adaptive quantization strategy descriptor of the proposed AQCE-SIFT algorithm 

contains three key parameters, namely the radial quantization number �, the angle quan-

tization set �, and the histogram direction quantization set �. As shown in Table 2, dif-

ferent parameter values were set to generate algorithm descriptors. In order to ensure the 

accuracy of the descriptor without affecting the speed of the algorithm, the dimension of 

the descriptor should be between 120–140. Therefore, we let � = 3 in this paper, and as 

shown in Table 2, different parameter values of � and � were set to generate algorithm 

descriptors. For the values of �  and � , these were selected from the sets 

{2, 4, 5, 6, 8, 10, 12} and {4, 6, 8, 10}, respectively. 

Table 2. Performance comparison of descriptors under different parameter settings. 

Parameter Setting 
Descriptor 

Dimension 

Correct Matching Rate �� 

0° 30° 60° 

Snowy 

Area 

Farm-

Land 

Snowy 

Area 

Farm-

Land 

Snowy 

Area 

Farm 

-Land 

� = {2, 6, 10}, � = {10, 8, 6} 128 97.8% 93.3% 90.5% 89.8% 37.5% 58.3% 

� = {4, 8, 12}, � = {8, 6, 4} 128 98.2% 93.9% 92.0% 90.6% 50.0% 66.7% 

� = {4, 6, 8}, � = {10, 8, 6} 136 100% 94.6% 93.7% 90.5% 55.6% 75.0% 

� = {5, 8, 10}, � = {8, 6, 4} 128 100% 95.1% 96.8% 91.2% 66.7% 87.5% 

� = {5, 8, 10}, � = {10, 6, 4} 138 100% 95.8% 96.9% 91.7% 66.7% 87.5% 

� = {6, 8, 10}, � = {8, 6, 4} 136 100% 95.1% 94.1% 90.3% 63.6% 77.8% 

According to the principle introduction in Section 2.3., we can see that the larger the 

histogram direction quantization number �� of the inner ring and the greater the number 

of sub regions (angle quantization number ��) of the outer ring, the higher the correct 

matching rate �� is. However, by analyzing the data in Table 2, we can see that when 

the �� is more than 5, the correct matching rate of the image will begin to decline. By 
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observing the data, it can be seen that the matching effect of the descriptor designed by 

� = {5, 8, 10}, � = {10, 6, 4}  was slightly better, and the descriptor designed by the � =

{5, 8, 10},  � = {8, 6, 4} had a lower dimensionality and shorter matching time. Affected by 

the environment and equipment, the remote sensing image captured by an UAV will have 

the problem of geometric distortion or affine change. In order to obtain a higher correct 

matching rate when there are geometric distortions or affine changes, in this paper, � =

3, � = {5, 8, 10}, � = {10, 6, 4} were set as the optimal values of the AQCE-SIFT algorithm 

descriptor parameters. 

In this paper, Figure 3a,b shows the remote sensing images with special texture back-

grounds, and Figures 8 and 9 are geometric distortion images of different angles. Image 

matching experiments were performed on Figures 3a,b, 8, and 9 with the proposed AQCE-

SIFT algorithm and the selected representative algorithms. Figures 10–12 show the match-

ing results of various algorithms in the case of snow remote sensing images with different 

geometric distortion angles. Figure 13 shows the matching points and correct matching 

rate of different algorithms in snow area image matching. Figures 14–16 show the match-

ing results of various algorithms in the case of farmland remote sensing images with dif-

ferent geometric distortion angles. Figure 17 shows the matching points and correct 

matching rate of different algorithms in farmland image matching. 

 

(a) AQCE-SIFT 

  

(b) SIFT (c) CSIFT 

  

(d) SURF (e) GLOH 

Figure 10. The matching result of the snowy area image with 0 degree geometric distortion. 
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(a) AQCE-SIFT 

  

(b) SIFT (c) CSIFT 

  

(d) SURF (e) GLOH 

Figure 11. The matching result of the snowy area image with 30 degree geometric distortion. 

 

(a) AQCE-SIFT 

  

(b) SIFT (c) CSIFT 

  

(d) SURF (e) GLOH 

Figure 12. The matching result of the snowy area image with 60 degree geometric distortion. 
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(a) (b) 

Figure 13. Comparison of matching points and correct matching rate of different algorithms. (a) Comparison of matching 

points of different algorithms. (b) Comparison of correct matching rate of different algorithm. 

As shown in Figures 10–13, with the increase in the geometric distortion angle of the 

image, the number of matching points of each algorithm showed a downward trend. 

When the image has a large geometric distortion angle, the correct matching rate will be 

greatly reduced. 

When the SURF algorithm is used for snow image registration, because the number 

of matching points is too small, it is not suitable for texture-less remote sensing images. 

The number of matching points extracted by the SIFT algorithm and the GLOH algorithm 

was less than that of the AQCE-SIFT algorithm, and the number of matching points ex-

tracted at the top right of the snow image was less, and the matching points were unevenly 

distributed, so the SIFT algorithm and the GLOH algorithm are also not suitable for tex-

ture-less remote sensing images. For the CSIFT algorithm, most of the matching points 

were concentrated on the edge of snowy mountains and clouds and the distribution was 

relatively concentrated. As shown in Figure 13, the AQCE-SIFT algorithm was better than 

other algorithms in the correct matching rate, therefore, the AQCE-SIFT algorithm pro-

posed in this paper is more suitable for texture-less remote sensing images. 

 

(a) AQCE-SIFT 

  

(b) SIFT (c) CSIFT 
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(d) SURF (e) GLOH 

Figure 14. The matching result of the farmland image with 0 degree geometric distortion. 

 

(a) AQCE-SIFT 

  

(b) SIFT (c) CSIFT 

  

(d) SURF (e) GLOH 

Figure 15. The matching result of the farmland image with 30 degree geometric distortion. 
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(a) AQCE-SIFT 

  

(b) SIFT (c) CSIFT 

  

(d) SURF (e) GLOH 

Figure 16. The matching result of the farmland image with 60 degree geometric distortion. 

 

(a) (b)  

Figure 17. Comparison of matching points and correct matching rate of different algorithms. (a) 

Comparison of matching points of different algorithms. (b) Comparison of correct matching rate of 

different algorithms. 

As shown in Figures 14–17, with the increase in the geometric distortion angle of the 

image, the number of matching points of each algorithm showed a downward trend. 

When the SURF algorithm was used for the farmland remote sensing image registration, 

its matching points were concentrated on the edges of different crop areas, and the num-

ber was too small when the image distortion reached 60 degrees, so the image matching 

cannot be performed. Therefore, the SURF algorithm is not suitable for images with a large 
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number of similar repeating regions in texture. As shown in Figures 14–17, the AQCE-

SIFT algorithm was better than other algorithms in the correct matching rate, and the dis-

tribution of matching points was more reasonable. Therefore, the AQCE-SIFT algorithm 

proposed in this paper is more suitable for remote sensing images with a large number of 

similar repeating regions in texture. 

4.3. Algorithm Performance Verification 

The SIFT algorithm has good stability when processing images with changes in scale, 

rotation, viewpoint, and brightness. In order to fully understand the performance of the 

algorithm proposed in this paper, we used the public dataset to evaluate and compare the 

AQCE-SIFT algorithm with other representative algorithms. Figure 18 shows an example 

of an image pair used for evaluation. 

  

(a) Scale change (b) Rotation change 

  

(c) Viewpoint change (d) Brightness change 

Figure 18. Image pair example. 

Through the analysis of the experimental process and the data in Figure 19, we can 

see that the algorithm proposed in this paper had a certain improvement in the number 

of matching points and the correct matching rate. In terms of matching time, the algorithm 

in this paper was much better than the CSIFT algorithm, but was still slower than the SIFT, 

GLOH, and SURF algorithms. Therefore, the AQCE-SIFT algorithm proposed in this pa-

per is more suitable for scenes that do not require high real-time performance but have 

certain requirements for the number of matching points and the correct matching rate. 
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(a) 

  

(b) (c) 

Figure 19. Comparison of the performance by each algorithm. (a) Comparison of the number of matching points by each 

algorithm. (b) Comparison of correct matching rate by each algorithm. (c) Comparison of matching time by each algorithm. 

4.4. Practical Application Value 

In order to verify the stability and practical application value of the AQCE-SIFT al-

gorithm studied in this paper, in this section, the UAV remote sensing image containing 

a special texture background will be applied for a panoramic mosaic. 

The data source used in the experiment was a self-built database of our research 

group, and the database was taken by a DJI UAV equipped with a SNOY ILCE-6000 cam-

era. 

In order to better present the overall mosaic effect of panorama, in this section, the 

weighted average fusion method was used to fuse the matched remote sensing image. 

Figure 20a shows a panoramic mosaic image of the field (the image contains a large 

number of texture similarity region) where the panorama was composed of 10 UAV aerial 

images with significant distortion. Figure 20b shows a panoramic mosaic image of the 

water area (the image contains texture scarcity region) where the panorama was com-

posed of eight UAV aerial images with significant distortion. 

From the final results, the overall effect and image details of the panoramic mosaic 

of UAV remote sensing images were very prominent, showing the good performance and 

application ability of the algorithm in this paper when processing remote sensing images 

with special texture backgrounds. 
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(a) Panoramic mosaic image of field 

 

(b) Panoramic mosaic image of water area 

Figure 20. The panoramic mosaic image. 

5. Conclusions 

For remote sensing images with special texture backgrounds, it is difficult to improve 

the accuracy of feature point extraction. For this problem, this paper proposed an im-

proved SIFT algorithm combining image color and exposure information based on the 

adaptive quantization strategy (AQCE-SIFT). 

First, in order to highlight the texture information of the remote sensing image with 

special texture backgrounds, the color offset and exposure offset of the image were inte-

grated into the grayscale image. This process can make the grayscale image have a con-

trast similar to that of the color image without increasing the image dimension, which can 

make it easier to extract features from remote sensing images with special texture back-

grounds. Then, the adaptive quantization strategy was used to improve the descriptor of 

the SIFT algorithm, which can improve the accuracy of the matching rate when dealing 

with remote sensing images with significant geometric distortion or affine changes. Ex-

perimental results showed that the AQCE-SIFT algorithm is more suitable for processing 

remote sensing image registration problems with special texture backgrounds. 
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