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Abstract: To address the issues of uneven ORB feature point extraction, slow matching speed, and low matching accuracy in traditional
image processing, this paper proposes an improved image processing algorithm for ORB feature extraction and matching. First, an
enhanced quadtree algorithm is employed to achieve uniform extraction of ORB feature points, maximizing the utilization of information
across the entire image. Second, brute-force matching combined with GMS screening is implemented to preliminarily filter feature
matches, thereby enhancing matching accuracy. Finally, a dynamic Bayesian network is utilized to select the optimal matching model
and best-matched pairs, further improving matching accuracy while reducing screening time. Experimental results demonstrate that
compared with traditional algorithms, the proposed method significantly improves feature distribution uniformity. The average time
required for feature extraction and matching is reduced compared to other improved algorithms, while achieving higher matching
accuracy—specifically showing a 49. 1% improvement over conventional ORB algorithms. The overall performance surpasses both

traditional ORB and other existing improved algorithms. It is demonstrated that the image processing based on improve ORB feature
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extraction and matching can effectively achieve simultaneous improvements in both feature matching accuracy and feature matching

speed.

Keywords : feature extraction; feature matching; GMS; dynamic Bayesian network
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Fig. 6 Modeling of dynamic Bayesian network
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Table 2 Average uniformity index

Bk Cars Boat Graf  Bikes Trees  Bark Sy

ORB  152.24 153.43 305.99 236.36 293.21 252.36 232.27
SCHR[15] 120.31 125.14 215.93 141.45 227.21 216.18 174.42
SCHK[16] 152.24 153.43 305.99 236.36 293.21 252.36 232.27
PR 130.09 119.70 217.99 142.89 229.65 208.13 174.74

®3 HERARIEHEIE

Table 3 Average feature extraction time (s)

=R73 Cars Boat Graf Bikes Trees Bark Sy

ORB  0.108 10.188 70.090 8 0.121 6 0.213 30.195 60. 153 0
SCHK[ 157 0.233 60.435 10.172 4 0.233 4 0.298 50.276 30.274 9
SCHk[ 167 0.108 10.188 70.090 8 0.121 6 0.213 30. 195 60.153 0
PR 0.207 10.359 30.164 1 0.227 9 0.284 70.299 50.257 1
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Fig.9 Feature matching image
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Table 4 Average feature matching accuracy ( %)

Bk Cars Boat Graf Bikes Trees Bark F

ORB 384 358 31.8 17.2 15.3 7.1 24.3
CHK[15] 51.6  78.6  58.6  49.3 43.5 50.1 55.3
XHk[16] 69.7 86.8 59.7  73.0 68.3 67.3 70.8
kA 68.7  87.4 781 713 69. 1 65.5 73.4

SRR IS AT IS () G T 5502 B 5 T AL R A ) S B
— PR SZ AT IR ) A B RE T AL R Y S R
RETEAN A A PR T PRI A IS AT I ], S e 1 36 12
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H 3% 5 AT, 548 ORB Bk AEdE 7 58 3 (1 4 L 5 T
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A SRS

x5 BEFHATE

Table 5 Overall average time (ms)

Bk Cars Boat Graf  Bikes Trees Brak °F1j

ORB 133.3  223.5 112.3 148.9 265.1 219.8 183.8
SCHRL15] 304.1  507.5 230.6 307.5 379.3 355.0 347.3
CHK[16] 257.9  325.4 243.5 255.0 363.1 324.5 294.9
M 228.1  378.4  188.2 256.3 294.4 345.2 281.8
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