vtk X
Brief Paper

H #h % 4R
ACTA AUTOMATICA SINICA

847 & 6
Vol. 47, No. 6

2021 4 6 H
June, 2021

I

HEFEZRKE89 SLAM {5 B fg
T E X
FHET T KE

O BN AR A7 R b AL S A
T RS R 0 D P SR W LA B IR 5 SR S8 I R, 4R HE T — R R R I %
SR IC 4057 38 S R B AR B, T R e T, RO RR HsAT
IR ARSI, AR P A e 15 R T FOA5 R /D, o P FEAR L
b e A /N PG s AT I, /s PEMBRFAE A v S X £ B f )
GYGIEAT 5% G R, R R AN, R e 2 M BRI RS R AE
PG AS B IRJR ERF AL A Dy A ST IE T LA R G BT UG T 11 SR I i 4
YA ERALTT I B AP BEHAT R A R, B SRR
PN RGERE. RA TUM EERENRIIE, B THE T S AE St
YIRS UL K ARV RAT S Ak, 2 S 8030k 1038 2l L e 3 2 e v T 47
£ 60 % LA L, I H R BB 2E L VR R % DL R B R AT T R
. 5 H7 ORB-SLAM2 FRZAHLL, ASCHEHIUEEAEEET T
WLAE AHLRE S BLREBE, T L AL S STAM 937 H it 22

X e A S G, A R, RS, 5 S, B
Ptk

SIAMER TR, T, BR. ST RR R SLAM MU BRI
k. HEMELEER, 2021, 47(6): 1460—1466

DOI 10.16383/j.aas.c180278

|

Optimization Algorithm of Visual

Odometry for SLAM Based on
Local Image Entropy

YU Ya-Nan' WEI Hong? CHEN Jing!

Abstract For the problems of failed matching and tracking
loss due to big camera rotation in simultaneous localization
and mapping (SLAM) for mobile robots, an optimized detail
enhancement algorithm of visual odometry based on the local
image entropy is proposed. The image pyramid is built and
is divided into blocks on each level to extract features homo-
geneously. The information of each image block is determined
through its entropy value and the blocks with low contrast and
small intensity gradient will be deleted to reduce feature calcu-
lation. Nonlinear and adaptive illumination adjustment on each
reserved block is applied to increase local image details. Lo-
cal features that representing image information is preserved as
much as possible to be the correlations between adjacent frames
and keyframes. Combined with the pose graph optimization
method, the local and global optimization of accumulation er-
ror is carried out to further improve the system performance
for mobile robot. The proposed method is verified on the TUM
dataset. Since using the feature properties which are more reflec-
tive of texture and shape, the maximum success rate of motion
tracking is increased to over 60 %. And the results also show
that the tracking error, translational error and rotation error is
decreased. Compared with the original system ORB-SLAMZ2,
this method can not only improve visual positioning accuracy of
the mobile robot, but also meet the application need of real-time
SLAM requirement.
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Fig.3 Optimization visual odometry algorithm
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