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Abstract: An improved ORB feature matching algorithm is proposed to solve the problem of high 

mismatching rate of non-uniform distribution of feature points extracted by traditional ORB 

algorithms. First of all, to extract feature points of image block, and then calculate each block 

information entropy, the entropy value dynamically setting the threshold of each block to extract 

the feature points, make to extract the feature points of distribution more uniform, improve the 

subsequent registration accuracy. Secondly, for the problem of high mismatch rate caused by 

insufficient use of local information by the rBRIEF descriptor in the ORB algorithm, on the basis of 

introducing gradient information to improve the LBP algorithm, an improved descriptor combining 

rBRIEF and LBP is proposed. The 128-bit descriptor generated by the improved LBP algorithm is 

used to replace the 128-bit descriptor with the smallest variance in the original rBRIEF to improve 

the stability of the feature point description. Finally, RANSAC was used to delete the mismatched 

points. Results Compared with the traditional ORB algorithm, the improved algorithm reduces the 

time overhead by 8% and the average mismatch rate by about 10%. The improved orb algorithm 

has lower mismatch rate and higher registration speed. 
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1. Introduction 

During image acquisition for printing, the limited field of view of imaging devices 

such as cameras makes it difficult to capture a complete large-scale image in a single shot. 

Therefore, multiple images are typically combined into a single large-scale image using 

image stitching techniques. A critical step in image stitching is image matching. Common 

feature point-based matching algorithms include SIFT, SURF, and ORB [1-3]. 

The SIFT algorithm is invariant to rotation and scale and exhibits strong resistance to 

noise, providing reliable registration performance. However, its computational 

complexity makes it unsuitable for real-time applications. SURF was developed as an 

improvement over SIFT. By replacing the Difference of Gaussian (DoG) pyramid with a 

Hessian matrix and using integral images to accelerate the detection of local extrema, 

SURF reduces the 128-dimensional descriptor to a 64-dimensional one. This modification 

improves computational efficiency while maintaining good robustness. ORB further 

improves computational speed by employing an enhanced FAST algorithm for feature 

detection, a gray-scale centroid method for orientation estimation, and the rBRIEF 

descriptor for feature description. Its processing speed is significantly higher than that of 

both SIFT and SURF. Nevertheless, ORB still suffers from uneven feature point 

distribution and relatively low matching accuracy [4]. 

To address the problem of uneven feature point distribution in ORB, several studies 

have introduced strategies to improve spatial uniformity. For example, the quadtree 

method has been applied to achieve a more balanced distribution of feature points, 

leading to moderate improvements in matching accuracy [5-6]. Other studies have 

adopted image partitioning methods, extracting feature points from individual blocks to 

avoid redundancy and overlapping. However, when a fixed threshold is used during 

feature extraction, feature points still tend to cluster in local regions [7-9]. 
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Regarding the high mismatch rate of ORB, some researchers have enhanced 

descriptor discriminability. An improved retinal-like descriptor with 512-dimensional 

binary features has been proposed to increase distinctiveness, although this approach 

significantly increases computation time [10-12]. Another approach replaces the rBRIEF 

descriptor with a 128-bit descriptor based on the Local Binary Pattern (LBP) algorithm, 

which strengthens local texture representation and reduces mismatches [13]. Similarly, 

LATCH has been used instead of rBRIEF to achieve better matching performance than the 

traditional ORB algorithm, but at the cost of increased computational time [14-16]. 

Based on the above studies, this paper proposes an improved ORB algorithm. First, 

the image is divided into blocks, and the information entropy of each block is calculated. 

The feature extraction threshold for each block is then dynamically adjusted according to 

its entropy value, resulting in a more uniform distribution of feature points and improved 

registration accuracy. Second, the ORB-LBP method is further enhanced by incorporating 

pixel gradient information in addition to gray-level comparisons, thereby improving the 

accuracy of feature description and effectively reducing the mismatch rate. 

2. ORB Algorithm 

The ORB algorithm was proposed by Ethan Rublee in 2011. The FAST algorithm is 

used to extract features, the gray-scale centroid algorithm is used to obtain the main 

direction, rBRIEF is used to acquire the feature descriptor, and finally RANSAC is used to 

delete matching error points. 

2.1. Feature Point Extraction 

In ORB algorithm, FAST algorithm is used to extract feature points. First, select any 

point in the image as the circle center and use 3 pixels as the radius to calculate the 

absolute difference between the gray value of the 16 circle pixels and that of the circle 

center. If it is greater than the set threshold, it is 1, otherwise it is 0, as shown in formula 

(1): 

𝑓𝑑𝑒𝑓 = {
1 ，    |𝐼𝑥，𝑦 − 𝐼𝑝| > 𝑡

0  ，           others     
         (1) 

Where, 𝐼𝑝 is the gray value of the circle center 𝑃, 𝐼𝑥，𝑦
 is the gray value of the pixel 

point(𝑥, 𝑦), 𝑥, 𝑦 ∈ [−3,3] and 𝑡 is the set threshold. 
Secondly, count the number of continuous 𝑓𝑑𝑒𝑓 with a value of 1. If it is greater than 

the set threshold 𝑇, 𝑃 is a feature point. 

Since the feature points extracted by the FAST algorithm do not possess rotation 

invariance, the ORB algorithm makes improvement on this. Take the feature point as the 

center, find the gray centroid of its neighborhood to construct a vector from the feature 

point to the gray centroid. Then, use the direction of this vector as the direction of the 

feature point. The image block moment is calculated using formula (2). 
𝑀𝑝,𝑞 = ∑ 𝑥𝑝

𝑥,𝑦∈𝑆 𝑦𝑞𝐼(𝑥, 𝑦) 𝑝, 𝑞 = {0,1}       (2) 

Where, 𝐼(𝑥, 𝑦) is the gray value of the pixel point (𝑥, 𝑦), and the gray centroid is 

calculated as shown in formula (3): 

𝐶 = (
𝑚10

𝑚00
,
𝑚01

𝑚00
)           (3) 

Where, 𝑚00is the zero-order moment, 𝑚10 and 𝑚10 are the first-order moments. 

Connect the feature point 𝑃 with the gray centroid 𝐶 to derive the direction vector 

𝑃𝐶⃗⃗⃗⃗  ⃗. The direction of the feature point is shown in formula (4): 
𝜃 = 𝑎𝑟𝑐𝑡𝑎𝑛(𝑚01, 𝑚10)          (4) 

2.2. Description of Feature Points 

In ORB algorithm, BRIEF algorithm is used to describe the extracted feature points. 

Randomly extract n  pairs of pixel points in the neighborhood of the feature points and 

compare the gray values with formula (5). 



Journal of Computer, Signal, and System Research https://www.gbspress.com/index.php/JCSSR 

 

Vol. 3 No. 1 (2026) 155  

𝜏(𝑝, 𝑥, 𝑦) = {
1, 𝑝(𝑥) < 𝑝(𝑦)
0, 𝑝(𝑥) ≥ 𝑝(𝑦)

         (5) 

Where, 𝑝(𝑥) is the gray value of the feature point in the neighborhood 𝑥 = (𝑢, 𝑣)𝑇. 

After 𝑛comparisons, a binary string of length 𝑛 is derived. The calculation method is 

shown in formula (6): 

𝑓𝑛 = ∑ 2𝑖−1(𝑝, 𝑥𝑖 , 𝑦𝑖)1≤𝑖≤𝑛          (6) 

Since the descriptor derived from BRIEF algorithm does not have directionality, the 

main direction 𝜃  is used for correction in the ORB algorithm. Suppose 𝑄  is the 

coordinate matrix of random pixel pairs generated by the BRIEF algorithm, which can be 

expressed by formula (7): 

𝑄 = [
𝑥1, 𝑥2, 𝑥3 ⋯𝑥𝑛

𝑦1, 𝑦2 , 𝑦3 ⋯𝑦𝑛
]          (7) 

Use formula (8) to check the direction and construct a BRIEF descriptor with rotation 

invariance. 
𝑄𝜃 = 𝑅𝜃 ⋅ 𝑄            (8) 

Where, R  is shown in formula (9). 

𝑅𝜃 = (
𝑐𝑜𝑠 𝜃 𝑠𝑖𝑛 𝜃

− 𝑠𝑖𝑛 𝜃 𝑐𝑜𝑠 𝜃
)          (9) 

3. Improved ORB algorithm 

Although image segmentation has been used to alleviate the uneven distribution of 

feature points, feature clustering can still occur within individual segments [7-9]. 

Information entropy can be used to measure the complexity of image content: a higher 

entropy value indicates a more complex region with richer information. 

Based on the entropy of each image block, this study adaptively adjusts the feature 

extraction threshold. Blocks with higher entropy are assigned higher thresholds, while 

blocks with lower entropy use lower thresholds. This adaptive strategy promotes a more 

uniform distribution of extracted feature points and improves the accuracy of subsequent 

image registration. 

The ORB-LBP approach enhances texture representation and reduces mismatches to 

some extent [13]. However, because LBP constructs descriptors solely from gray-level 

comparisons, different feature points may still produce identical descriptors, which can 

degrade matching accuracy. 

Building on this method, the present study incorporates pixel gradient information 

into the LBP process. By combining gray-level and gradient comparisons, the descriptor 

captures richer local characteristics around each feature point, leading to improved 

distinctiveness and a further reduction in mismatch rate. 

3.1. Improvement of feature point extraction threshold 

The image information entropy reflects distribution characteristics of gray 

information in the image. The more information an image contains, the greater the 

entropy value is. For a gray-scale image, formula (9) can be used to calculate the amount 

of information it contains in formula (10). 
𝐻(𝑥) = −∑ 𝑝(𝑥) ⋅ 𝑙𝑜𝑔( 𝑝(𝑥))𝑥∈𝑋         (10) 

Where, 𝑥 represents the gray value of each pixel in the image, 𝑋 represents the gray 

level, and 𝑝(𝑥) represents the probability that the gray value 𝑥 is in 𝑋. 

When extracting feature points, first construct a four-layer image pyramid to solve 

the scale invariance. Second, divide each layer of images into 𝑁 × 𝑀 blocks, and calculate 

the information entropy of each block. Then, according to formula (10), determine the 

threshold for extracting feature points of each block as in formula (11). 

𝑡 =
𝐸𝑜,𝑖

𝐸̄𝑜
× 𝑇            (11) 
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Where, 𝑡 represents the threshold for extracting feature points in the block 𝑖 on the 

layer 𝑜, 𝐸𝑜,𝑖 represents the information entropy of the image in the block 𝑖 on the layer

o . 𝑇 is a fixed value, which is 40 in the experiment? 𝐸̄𝑜 represents the mean value of the 

image information entropy on the layer 𝑜. 

To verify the adaptive threshold algorithm based on image information entropy 

proposed herein, a standard Lena image is taken as an example to compare the 

distribution of the extracted feature points. The experimental results are shown in Figure 

1. (a) shows distribution of the feature points extracted by the traditional ORB algorithm, 

(b) shows distribution of the feature points extracted by 3 × 3 image block, (c) shows 

distribution of feature points extracted by the adaptive threshold algorithm after 3 × 3 

image block is divided. It can be clearly seen from Figure 1 that feature points extracted 

by this algorithm have more uniform distribution. 

 
(a) Traditional ORB algorithm (b) Block algorithm          (c) Algorithm herein. 

Figure 1. Comparison of distribution of feature points. 

3.2. Improvement of feature point description 

The traditional ORB algorithm does not fully exploit local image information, which 

can limit registration accuracy. To address this issue, the ORB-LBP method first generates 

a 128-bit descriptor using the LBP algorithm and then replaces the 128 bits with the 

smallest variance in the 256-bit rBRIEF descriptor [13]. Because LBP provides a stronger 

representation of local texture patterns, this hybrid descriptor improves matching 

accuracy to a certain extent. 

However, the LBP algorithm only compares the gray value of each pixel in the 3 3  

area around the center pixel with that of the center pixel If it is greater than the gray value 

of the center pixel, the comparison result is 1, otherwise it is 0. In comparison, start with 

a certain pixel around the center point, select order or reverse order for 8 comparisons, 

and finally get an 8-bit binary descriptor. Due to the different starting positions and 

selection order of the selected pixels during the comparison, a total of 28 descriptors can 

be derived. To enable rotation invariance in description of feature points by LBP algorithm, 

the smallest LBP value is selected as the descriptor of the feature points. However, for the 

two different areas a and b on the same image as shown in Figure 2, after selecting the 

smallest LBP, the descriptors formed are the same, both are 00000001, which affects the 

subsequent registration accuracy. 
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(a) Area a    (b) Area b. 

Figure 2. Different regions with the same descriptor. 

Based on this, this paper introduces the gradient information [17,18] of pixels to 

improve the LBP algorithm. Without loss of generality, suppose the gray value of the 

central pixel is 100 and that of the black pixel is 255, then the gradient value matrix in the 

two directions ,x y  in area a in Figure 2 is shown in equations (12) and (13):. 

𝑔𝑎𝑥 = [
0 0 0

100 0 −100
−255 −127.5 0

]        (12) 

𝑔𝑎𝑦 = [
0 100 0

127.5 0 0
255 −100 0

]         (13) 

The gradient value matrices in the two directions ,x y in area b  in Figure 2 are 

shown in equations (14) and (15): 

𝑔𝑏𝑥 = [
0 127.5 255

100 0 −100
0 0 0

]         (14) 

𝑔𝑏𝑦 = [
0 100 −255
0 0 −127.5
0 −100 0

]         (15) 

When each pixel in the 3×3 neighborhood is compared with the center pixel, each 

pixel is compared with the center pixel in the order of gray value, gradient value in x

direction, and gradient value in𝑦  direction. Each comparison result is a 3-bit binary 

descriptor, and finally an 8×3=24-bit binary descriptor is derived. Similarly, because the 

starting pixel position and sequence in the comparison differ, 28 24-bit binary descriptors 

can be derived, and then the smallest LBP value is selected as the descriptor. The 

descriptor of the feature point of area a in Figure 2 is 000000000000101011000001, and that 

of area b in Figure 2 is 000000000000001000001111, so the two are different. It can be seen 

that after making full use of the relevant pixel information, feature point description will 

have higher discrimination. 

However, if the area a and area b shown in Figure 2 belong to two different images, 

and area b is derived by rotating the area a, then after the minimum LBP descriptor is 

selected as above, the two descriptors are different, and mismatch will occur during 

registration of the two images. 

In this regard, this paper no longer determines the descriptor based on the minimum 

LBP value, but uses the gray centroid in the image to determine the starting position of 

the contrast pixel. The specific method is as follows: First, use formula (2), (3) to calculate 

the gray centroid of the global image. Secondly, calculate the distance from the 8 pixels 

around the feature point to the gray centroid, and select the pixel with the smallest 

distance as the starting position. Finally, select pixels in a clockwise direction for 

comparison. When the image is rotated, the direction of the gray-scale centroid also 

changes, so the descriptor generated by the improved LBP algorithm features rotation 

invariance. 

To avoid noise interference, this paper uses a 3×3 pixel area to replace a single pixel 

when designing the algorithm. The specific steps of the improved algorithm are as follows: 
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Step1: Construct a 2×2 main block in the neighborhood of the feature point, each main 

block is divided into 3×3 sub-blocks, and each sub-block is composed of 3×3 pixels. 

Step2: Calculate the average gray value of each sub-block, the average gradient in the 

x direction and the y direction. Since the gradient has a positive value and a negative value, 

to express the magnitude of the gradient value change, calculate 𝑔 =
1

𝑛
∑ √𝑔𝑥

2 + 𝑔𝑦
2

𝑛 . 

𝑔𝑥, 𝑔𝑦  are respectively the gradient in the 𝑥, 𝑦 directions of each pixel in the sub-block, 

and 𝑛 is the number of pixels in the sub-block. 

Step3: In each main block, select the sub-block closest to the image gray centroid as 

the starting position, and compare it with the average gray value, the average gradient in 

the directions x  and y , and the value g  of the center area one by one in a clockwise 

direction. The result of the comparison generates a 4-bit binary, and a total of 32-bit binary 

descriptors are generated for 3×3 sub-blocks as a description of the main block. 

Step4: Starting from the main block closest to the image gray centroid, the description 

of the 2×2 main block is connected clockwise to form a 128-bit descriptor. 

Step5: Replace 128-bit descriptor with a smaller variance in 256 descriptors generated 

by the rBrief algorithm with 128-bit descriptor generated in Step4, which is used as the 

final descriptor of the feature point. 

4. Experimental results and analysis 

To verify this algorithm, the test data adopts Mikolajczyk public data set [19], and 4 

sets of images are selected for 4 experiments on illumination invariance, blur invariance, 

scale rotation invariance, and affine invariance. 5 images are randomly selected from each 

set of images to record average consumed time and matching accuracy. Figure 3 shows 

the registration results of the traditional ORB algorithm and the improved algorithm in 

this paper in one of the four experiments. Where, the first picture of each group represents 

the registration result of the traditional ORB algorithm, and the second picture represents 

the registration result of the improved algorithm. 
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Figure 3. Matching results of feature points between our algorithm and traditional orb algorithm. 

The first group in the figure shows the comparison result of affine invariance. After 

introduction of gradient information to the improved algorithm, it strengthens the 

description of the local texture. At the same time, gray centroid is used to determine the 

starting position of the generated descriptor, which shows certain affine invariance and 

reduces the mismatch rate. The second group is the comparison result of illumination 

invariance. Since the average gray value of 3 3  pixel area and average gradient in 

direction ,x y  are used, there is illumination invariance, with number of matched feature 

points and mismatch rate significantly superior. The third group shows the comparison 

result of blur invariance. Also, because single pixel is replaced with 3 3  pixel area for 

comparison, it can be seen that the number of correctly matched feature points is 

significantly higher compared with the traditional ORB algorithm. The fourth group 

shows the comparison result of rotation invariance. Since the gray centroid is used for 

direction correction and the local information description is more accurate, the number of 

registrations has been greatly improved. At the same time, due to the adoption of block 

and adaptive threshold method, the extracted feature points are distributed more 

uniformly, with registration accuracy improved to a certain extent. 

Time comparison of the algorithm is shown in Table 1: 

Table 1. Comparison of average running time of algorithms. 

Experimental item 

Time consumption of 

traditional ORB 

algorithm(s) 

Time consumption 

of algorithm[13] (s) 

Time consumption 

of the algorithm 

herein (s) 

Affine invariance 1.049146 1.227501 0.954722 
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Illumination 

invariance 
1.031889 1.201223 0.949338 

Blur invariance 1.011814 1.170495 0.922647 

Rotation invariance 1.100543 1.265473 1.056521 

It can be seen from Table. 1 that, due to adoption of LBP algorithm, time consumption 

is increased by about 17% compared with the traditional ORB algorithm [13], while time 

consumption of the algorithm in this paper is reduced by about 8% compared with the 

traditional ORB algorithm. In analysis of the reason, the algorithm herein adopts image 

block, the extraction time of each block's feature point is 1/N of the original, and the 

registration time is 
𝑁+1

2𝑁
, so the original running time will be greatly reduced. However, 

when determining the threshold for extracting feature points in each block, the 

information entropy of each block needs to be calculated, which increases the time 

overhead [18-20]. In addition, when the improved algorithm generates descriptor, as 

gradient information needs to be calculated, time overhead is increased to a certain extent. 

In overall, the algorithm herein still has a certain improvement in time consumption. 

The average registration accuracy of the algorithm is compared as shown in Table. 2: 

Table 2. Comparison of average registration accuracy. 

Experimental item 

 

registration accuracy of 

the traditional ORB 

algorithm (%) 

registration 

accuracy of the 

algorithm [13] (%) 

registration 

accuracy of the 

algorithm herein 

(%) 

Affine invariance 64.3 73.6 80.2 

Illumination 

invariance 
85.7 90.5 94.5 

Blur invariance 83.2 89.6 95.8 

Rotation invariance 88.7 92.4 96.2 

Average 80.48 86.53 91.68 

It can be seen from Table. 2 that, as it adopts the descriptor generated by the LBP and 

rBRIEF hybrid algorithm to describe the feature points, the mismatch rate is reduced to a 

certain extent [13]. In the 4 sets of experiments, the average registration accuracy is 8% 

higher than that of the traditional ORB. The algorithm in this paper adds a comparison of 

gradient information on the basis of Ref [13], so description of the information around the 

feature point is more accurate, and it avoids the situation in section 2.2 that the traditional 

LBP algorithm may have the same descriptor in different image regions, thus further 

increasing registration accuracy. At the same time, after the image is divided into blocks, 

the extraction threshold of the feature points is set adaptively according to the information 

entropy of each block, so that distribution of the extracted feature points is more uniform, 

which lowers the mismatch rate to a certain extent. According to the experimental data in 

Table 2, the average registration accuracy of the algorithm in this paper is about 14% 

higher compared to the traditional ORB algorithm and 6% higher compared to the 

algorithm proposed [11]. 

5. Conclusion 

In this paper, improvement is made in view of the problem of uneven distribution of 

feature points extracted from traditional ORB algorithm and low matching accuracy. First, 

after the image is divided into blocks, the threshold for feature point extraction is 

dynamically set using information entropy. Feature points can also be effectively 
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extracted in blocks with small information entropy, which further improves the 

uniformity of the extracted feature points and reduces the subsequent mismatch rate. 

Secondly, the ORB-LBP algorithm is improved. To improve the discrimination of feature 

point descriptors in the LBP algorithm, gradient information is introduced. Experiments 

show that the improved ORB algorithm improves the registration accuracy with less time 

overhead and better robustness. 

Funding: This work was supported in part by the Key R&D and Promotion Project of Henan 

Province (Science and Technology Research) No.202102310204. 
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