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An improved algorithm of high robust visual SLAM based on multi-feature fusion
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[ Abstract] The effectiveness of the feature extraction has an important influence on the performance of the visual SLAM. This
paper proposes a new method for describing local images based on binary strings with Oriented AGAST and Rotated LATCH
(OARL) method to improve the accuracy of visual SLAM. Firstly, Adaptive and Generic Corner Detection based on the Accelerated
Segment Test( AGAST) is adopted to detect corner feature on the scale space of image pyramid. Then, the intensity centroid method
is used to obtain orientation compensation. Finally, the Learned Arrangements of Three Patch Codes is used to describe the feature.
An improved algorithm is proposed in which a combined measure of distance similarity matching with cosine similarity matching is
adopted to the main direction of the feature point, while it is dependent on the pixel neighborhood’s intensity centroid method. In this
paper, the feature detection is based on the visual SLAM ORB algorithm and other algorithms, and the different perspective,
illumination and scale recognition experiments are carried out. The experimental results show that the proposed OARL algorithm
improves the accuracy by more than 5% compared with the ORB algorithm, also the speed can still achieve real-time operation.

[ Key words] feature detection; binary descriptor; AGAST; real—time property
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Fig. 1 An overview of the OARL feature extraction process
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Tab. 2 The time each algorithm operates on a different data set
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Bikes 701.491 450.160  47.301 4 46.628
Leuven 554.412--- 330.921  45.456 3 44.635
Graffiti 538.188 329.128  46.000 0 45.322
Boat 635.606 340.560  63.677 2 62.073
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Tab. 3 Repeatability of various algorithms in different situations

KGRk Fk F—RE F-RE S TEXE RmRER/
FL I P2 A e %
A AR s

Bikes  SIFT 2 000 1728 600 66.605 2
SURF 2270 1593 552 70.069 4

ORB 2 000 2 000 497 75.656 8

OARL 2 000 2 000 490 76.161 8

Leuven SIFT 2 000 2 000 589 76.312 1
SURF 2 110 2012 563 74.530 0

ORB 2 000 2 000 443 75.694 7

OARL 2 000 1 994 450 77.111 9

Graffiti ~ SIFT 2 000 2 000 660 60.377 4
SURF 2 186 1871 650 53.674 1

ORB 2 000 2 000 399 67.261 9

OARL 2 000 2 000 424 70.000 0

Boat  SIFT 2 000 2 000 599 73.533 5

SURF 2 101 1 980 580 59.074 1

ORB 2 000 2 000 300 72.155 3

OARL 2 000 2 000 357 75.445 6
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