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ORB Algorithm Based on Key Point Density Optimization

JING Youxian and ZHU Qingsheng

CAS Nanjing Astronomical Instruments Research Center, Nanjing 210042, China

College of Astronomy and Space Science, University of Science and Technology of China, Hefei 230026 ,China
Abstract In stereo vision inspection system,feature matching technology is crucial for identifying and aligning similar features
between different images,and realizing many tasks such as image comparison,object recognition,and 3D reconstruction. The qua-
lity of feature matching directly affects the accuracy of the whole stereo vision detection system. Feature point extraction is the
basis of feature matching,and the quality of these points directly determines the accuracy of matching and the robustness of the
algorithm. The ORB algorithm is widely used in the feature matching task because of its high efficiency.but there are deficiencies
in terms of the number and uniformity of the distribution of the feature points when dealing with complex scenes. In this paper,
an improved adaptive sampling method based on the density of keypoints is proposed to optimize the distribution of keypoints in
the ORB algorithm by combining the local contrast and gradient information of the image,so as to achieve the uniform selection of
keypoints in the whole image and to improve the performance of feature point extraction. Experimental results on the Middlebury
stereo vision dataset show that the improved algorithm significantly improves the number of keypoints and the uniformity of dis-
tribution compared to the traditional method, while maintaining an operational efficiency close to that of the original ORB algo-
rithm. This study not only provides an effective solution to the shortcomings of the ORB algorithm in complex scene processing,

but also opens up a new way for the optimization of feature point extraction and matching in the field of computer vision.

Keywords Stereovision, Feature extraction. ORB algorithm,Keypoint density, Adaptive sampling
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defoptimized_ ORB(image_path,alpha,beta,grid_size,nms_radius) :
L ¥Rk 2%
alpha=alpha
beta=beta
grid_size=grid_size
nms_radius=nms_radius
2. VMBI 5 Bk K A
image= cv2. imread(image_path)
gray=cv2. cvtColor(image,cv2. COLOR_BGR2GRAY)
3B KB Laplacian B )% Fll Sobel &
laplacian=cv2. Laplacian(gray,cv2. CV_64F)
sobelx=cv2. Sobel(gray,cv2. CV_64F,1,0,ksize=5)
sobely=cv2. Sobel(gray,cv2. CV_64F,0,1,ksize=5)
AL THI O U R R
D=alpha * laplacian+beta * (sobelx+ sobely)
5. TS AL MR L IF-AE 1A I A v 5k 28 B B v 1) e 1 Ay S ot
keypoints=/ |
for i in range(0,gray. shape[ 0], grid_size) :
for j in range(0,gray. shape[ 1], grid_size) ;
grid=D[i:i+grid_size,j:j+ grid_size]
max_point=np. unravel_index(np. argmax(grid) , grid.
shape)
keypoints. append ((i+ max_point[ 0], ]+ max_ point
(1
6. X 3 B (3% OC Bt w7 JH A AR R AR A (NMS)
keypoints=nms(keypoints,nms_radius)
7. H ORB 8 153 50 i i i) 1 38 45
orb=cv2. ORB_create()
keypoints,descriptors=orb. compute(gray, keypoints)
8. AEJ ] 1 2 i b 3 i O B
keypoint_image = cv2. drawKeypoints (image, keypoints, None,
color=1(0,255,0))
9. W R IF R AFA AT QB i LR
cv2. imshow(’Keypoints” , keypoint_image)
cv2. imwrite( " keypoints. png’ , keypoint_image)
10. 3R [0] S 4 551 2 R0 R 1F

return keypoints,descriptors
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Fig. 1 Feature point extraction results of ORB algorithm in indoor

scene with sparse texture
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Fig. 2 Feature point extraction results of the optimized ORB

algorithm in the same indoor scene
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Fig. 3 Feature point extraction results of ORB algorithm in indoor

scene with complex textures
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Fig. 4 Feature point extraction results of the optimized ORB

algorithm in the same indoor scene
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Fig.5 Feature point extraction results of ORB algorithm in

outdoor scene
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Fig. 6 Feature point extraction results of the optimized ORB

algorithm in the same outdoor scene
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