
5.4.4 Calculation time

Table 5 shows the comparison of the calculation time between our proposed method and state-of-
the-art methods. All methods are performed with the same hardware platforms. The images in
HPatches with two kinds of resolution (240 × 320 and 480 × 640) are used for keypoint

Fig. 10 Matching results using our proposed method (b) (matching points are indicated by color
lines).

Table 4 ATE (m) of different visual odometries.

Image sequence ID SuperPoint ORB PC-SuperPoint (ours)

00 21.671 13.579 18.325

01 148.536 463.745 63.743

02 27.423 24.961 34.829

03 8.769 10.031 7.257

04 4.983 2.279 1.967

05 30.394 64.757 21.698

06 11.486 12.038 9.577

07 13.988 38.392 8.072

08 43.674 29.574 33.347

09 20.873 21.351 14.703

10 13.423 94.456 11.057
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detection. It is shown that the FPS of PC-SuperPoint is larger than that of most previous methods
on the both cases. However, the runtime speed of SuperPoint is faster than the proposed method.
Because PC-SuperPoint is based on SuperPoint and contains more complex network architec-
ture. There is a trade-off between efficiency and performance.

6 Conclusions

In this paper, we aim to the issues on interest point detection and descriptor extraction. We pro-
pose a new well-designed networks named as PC-SuperPoint to achieve the goals. The proposed
methodology is composed of interest point detection networks and descriptor extraction net-
works. Just as their names imply, the first part is used for interest point detection, and the last
part is used for descriptor extraction. We carry out extensive simulation experiments to validate
the proposed method by comparing them with other state-of-art approaches. Experimental
results reveal that our proposed methodology is effective and accurate. In this work, we pay
more attention to interest point detection but neglect to improve network’s robustness against
illumination changes. However, this in fact is not always applicable since generalization per-
formance of feature descriptors have become the mainstream of research trends and illumination
changes are also very common in many real-world scenarios. Therefore, we would like to inves-
tigate the availability of feature descriptors in the future.
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Fig. 11 Motion trajectory of two image sequences (ID: 07 and 10).

Table 5 Frames per second (FPS) for different keypoint detection
methods.

Methods 240 × 320 480 × 640

SIFT1 42 9

FAST36 106 41

SURF2 40 10

LF-net39(indoor) 62 25

Key. Net27 97 43

SuperPoint26 159 66

PC-SuperPoint (Ours) 138 54
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