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Abstract

original image, plays important roles in numerous visual tasks. The feature-based image matching method, which can find

Image matching, which refers to transforming the image to be matched into the coordinate system of the

distinctive features in the image, is widely accepted because of its applicability, robustness, and high accuracy. For
improving the performance of feature matching, it is important to obtain more feature matches with high matching
accuracy. Aiming at the sparse matching problem of the traditional feature matching algorithm, we propose a dense feature
matching method based on the improved deep feature matching algorithm. First, a series of feature maps of the image are
extracted through the VGG neural network, and nearest-neighbor matching is performed on the initial feature map to
calculate the homography matrix and perform perspective transformation. Then, deep features are fused according to the
frequency-domain matching characteristics of feature maps for coarse feature matching. Finally, fine feature matching is
performed on the shallow feature map to correct the results of coarse feature matching. Experimental results indicate that
the proposed algorithm is superior to other methods, as it obtains a larger number of matches with a higher matching
accuracy.
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Fig. 1 Overview of proposed dense feature matching algorithm based on improved DFM
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Fig. 2 Frequency analysis of matching result for each feature map
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Table 1  Analysis of matching accuracy in outdoor large scenes

Algorithm Rotatioral Translation Inlier
error /(°) error /m matches

DFM 20. 57 13.24 99
DFM 18. 58 9.27 71
DFM 1.78 2. 80 9
Improved DFM 0.65 2.70 2566
Improved DFM 1.63 0.99 1709
Improved DFM 0.52 2.23 487
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Table 2 Feature matching accuracy evaluation

Synva Number of feature matches /10°
Method
3 pixel 5 pixel 10 pixel 3 pixel 5 pixel 10 pixel
SIFT 67.8 69.4 70.3 0.40 0.41 0.41
SuperGlue 71.3 79.9 88.6 0.42 0.46 0.49
NCNet 60.4 69.3 86.5 0.54 0.60 0. 86
LoFTR 89.1 90.6 92.4 2.30 2.30 2.40
Patch2Pix 82.4 87.6 91.0 0.62 0.64 0. 66
DFM 89.4 92.5 93.9 3.10 3.20 3.30
Improved DFM(r=0.9) 89.7 91.1 91.6 18. 20 18. 60 18. 60
Improved DFM(r=0. 5) 97.4 97.6 97.6 3.10 3.10 3.10
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Table 3 Results of homography estimation evaluation

Method HEA
3 pixel 5 pixel 10 pixel

SIFT 7.2 83.8 85.3
SuperGlue 76.7 82.3 87.0
NCNet 51.0 63.3 76.4
LoFTR 76.7 82.6 85.9
Patch2Pix 76.7 81.0 84.5
DFM 74.5 80.2 85.2
Improved DEM(r=0.9) 79. 6 85.5 88.3
Improved DEM(r=0. 5) 66.9 74.3 81.6
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