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Learning Feature Point Descriptors for Detail Preservation

Long Tao, Su Chang, Wang Jian'

School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China

Abstract Detecting salient key points in images and extracting feature descriptors are important components of computer
vision tasks such as visual odometry and simultaneous localization and mapping systems. The main goal of the feature point
extraction algorithm is to detect accurate key point positions and extract reliable feature descriptors. Reliable feature descriptors
should maintain stability against rotation, scale scaling, illumination changes, viewing angle changes, noise, etc. Due to the
loss of image information during the downsampling process in recent deep learning-based feature point extraction algorithms, the
reliability of the descriptor and accuracy of feature matching are reduced. This study proposes a network structure to detect
detail-preserving oriented feature descriptors to solve this problem. The proposed network fuses shallow detail and deep
semantic features to sample the descriptors to a higher resolution. Combined with the attention mechanism, local (corners,
lines, textures, etc.), semantic, and global features are used to improve the detection of feature points and the reliability of
feature descriptors. Experiments on the Hpatches dataset show that the matching accuracy of the proposed method is 55.5%.
Additionally, when the input image resolution 1s 480 X 640, the homography estimation accuracy of the proposed method is 5. 9
percentage points higher than that of the existing method. These results demonstrate the effectiveness of the proposed method.
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Fig. 1 Neural network architecture of feature point extraction
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Fig. 2 Schematic diagram of center offset of position prediction
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Table 1  Comparison of experimental results of different

network structures

Method Repeat  LE HA-1 HA-3 HA-5 MS

Baseline 0.633 1.044 0.503 0.796 0.868 0.491
V1 0.675 0.831 0.505 0.822 0.897 0.576
V2 0.676 0.856 0.581 0.866 0.903 0.554
V3 0.669 0.842 0.586 0.871 0.912 0.555
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Table 2 Comparison of key point detection performance of
different methods
Repeatability rate Localization error
Method Low High Low High
resolution resolution resolution resolution
ORB 0.532 0.525 1.429 1.430
SURF 0.491 0.468 1.150 1.244
BRISK 0. 566 0. 505 1.077 1. 207
SIFT 0.451 0.421 0. 855 1.011
LF-Net(indoor) 0.486 0.467 1.341 1.385
LF-Net(outdoor)  0.538 0.523 1. 084 1.183
SuperPoint 0.631 0.593 1. 109 1.212
UnsuperPoint 0. 645 0.612 0. 832 0.991
Proposed method 0. 669 0. 663 0.842 0. 926
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Table 3 Comparison of homography estimation and matching performance of different methods

Low resolution, 300 points

High resolution, 1000 points

Method
HA-1 HA-3 HA-5 MS HA-1 HA-3 HA-5 MS

ORB 0.131 0.422 0. 540 0.218 0.286 0.607 0.71 0. 204
SURF 0.397 0.702 0.762 0.255 0.421 0.745 0.812 0.230
BRISK 0.414 0.767 0.826 0.258 0. 300 0.653 0.746 0.211
SIFT 0. 622 0.845 0.878 0.304 0. 602 0.833 0. 876 0.265
LF-Net(indoor) 0.183 0.628 0.779 0.326 0.231 0.679 0.803 0. 287
LF-Net(outdoor) 0. 347 0.728 0.831 0.296 0. 400 0.745 0.834 0.241
SuperPoint 0.491 0.833 0. 893 0.318 0. 509 0.834 0. 900 0. 281
UnsuperPoint 0.579 0.855 0.903 0.424 0.493 0. 843 0.905 0.383
Proposed method 0. 586 0. 871 0.912 0. 555 0.552 0.840 0.916 0.508
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Table 4 Comparison of experimental results on different data subsets

Method Hpatches subset Repeat LE HA-1 HA-3 HA-5 MS
ALL 0. 686 0. 890 0.595 0.871 0.912 0. 544
Outlier_rejection”” Ilumination 0.678 0.826 0.753 0.942 0.984 0. 614
Viewpoint 0.693 0.953 0.494 0.801 0. 857 0.479
ALL 0. 669 0.842 0. 586 0.871 0.912 0.555
Proposed method Illumination 0.643 0.789 0.642 0.933 0.965 0.576
Viewpoint 0.695 0.893 0.532 0. 810 0. 861 0.534

6 1E Hpatches ¥4 4 b A9 AT ILALZ 58 o (a) SE IR A 5 (D) R 45 (o) ML A 21

Fig. 6 Qualitative results of proposed method on images pairs on HPatches dataset. (a)lllumination cases.; (b) rotation cases;

(c) perspective cases
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