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Visual Navigation Method for Robot Based on Improved ORB_SLAM?2
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Abstract; Aimed at the problems of insufficient information and poor reusability of the sparse map
constructed by ORB_SLAM2, a visual navigation method based on improved ORB_SLAM?2 was proposed.
It included two stages of building a multi-layer map and navigation. In the stage of building a multi-layer
map, a local dense point cloud was calculated by the key frame of ORB_SLAM2, outliers were removed
by radius filter and fast itreative closest point ( FAST ICP) algorithm was used to register the processed
point cloud. After that, 3D occupancy information was calculated by local dense point cloud; 3D
occupancy information was extracted by means of the height of mobile robot in 3D space and 2D
occupancy information was calculated by 2D mapping; 3D, 2D occupancy information and 3D, 2D
features of the key frames were fused to generate a globally consistent multi-layer map. In navigation
stage, according to the prior information of positioning layer, 2D features of the key frame were clustered
to generate a visual dictionary, the visual dictionary was indexed according to the characteristics of
current image to obtain the reference key frame; the initial pose was calculated by perspective-n-point
(PnP) algorithm, and then reprojection error was used to construct inter-frame constraints, final result of
localization was obtained through Gauss — Newton optimization; in planning layer, A" algorithm was used
to plan path so that mobile robot visual navigation was realized. Verified by TUM dataset, the proposed
method was about 50% faster than RGB — D SLAM, and the pose estimating was almost improved by
10% , the localization result based on prior map were consistent with the original map. In addition, the
experiments on the real robot platform showed that the proposed method can construct a high-precision
multi-layer map, and the error between the measured value of [, and the real value was 6. 7% , and the
error between the measured value of [,, and the real value was 5.6% , and the fast and accurate
navigation was achieved on the basis of multi-layer map.
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Fig.9 Framework of visual localization algorithm based on prior map
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Tab.1 DWA algorithm parameters setting

UIRSINE 27 e KAE e /ME o
B/ (mes ") 0.5 -0.5 0.1
R/ (rad-s ™) 0.3 -0.3 0.15
e KA BE AR 25/ rad 6.28 0
Fe KA 5 2%/ m 0.5 0
2 7 RE AR B 20 20
i1 R R A R 20 20

HRE TAEIR BT B AN W], DWA B3 ) 3 o) o7
DL R BE A R R 1 o He A AN A ] AL AR N TE R 5%
W T AR T AR R e 4 B 3R 4R A0 H Ar S, N B
LA E WA EN Z . ®A=0.8,a=0.7,p8=
0.2,y =0.1,7E I E 2k DWA 5%, 45% H
B g AR AT FE A B — Ak A R B (SR )
P 2L DWA G303k 9 47 M 0 4 3 ( B8 (o HE O #1653
Bl ) 45 31 S5 1 19 32 30 SR g (ZL el ), an &l 17 By
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Fig. 17 Trajectory generated by DWA algorithm
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28 B A Ground truth (FUik EAH ) o A4 L5
Bii@ 3 TUM 1) £r1/360 . frl/floor frl/rpy J¥ 5 51l .
4.1.1 Z 2R 55

AR SCK ORB — SLAM2 553 47 ele i, ¥4 8 &2 &1
J2 1V DA S FE B N RS o A 0 i R B AR R
Shy 6 UF LT A A 22 Tl )2 i T A O b o
E A 45 R 5 Ground truth F1 £ M) RGB — D
SLAM '™ 45 LT Ho A, 45 R 2 2 B, 80 1
AR RN 42 R B0 H O MR 2 BN S b 0
2 ATHAE fr1 /360 JF 3, AR SC5 A T 0 B0 R
B RGB — D SLAM #2 7} 8.91% , 4t |K] 3% % 42 &5
49.38% ; ££ fr1/floor J§ 51, A% 3C J5 B Al 1 0 #0700 K
BE [t RGB — D SLAM 42 Ft 12.57% 8 [ 3% % #2255
43.95% . SR &, A SCO7 Ik 0O 0 47 R B
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Tab.2 Results of pose estimating with TUM

i ORB_SLAM2 RGB - D SLAM
o BRFENS /s HIF IR 2E/m BLFEIT /s 07 RERIE/m
fr1/360 157. 41 1.84 310. 96 2.02
frl/floor  149.36 1.53 266. 50 1.75
frl /tpy 175. 86 2.16 407. 89 2.17

4.1.2  FETSRIH E A0E E o S 5

1T TUM % 46 (AR It 1 FL il 27 Nz 17 %L
B, P, AS SCHEAT T S0 56 M P A R SE AV S 5
R B, ] TUM Bl 4 Bt 47 SLAM My it 2
P2 Ml P T i R LA Az 47 e 90 285 AR S T T
A P ) Rl L PO AR TR ) dl  BEAUL A A
5 2 Yt AHA TR B B 858, 38 i X e R T e 0 b R
PNITEA B P AL 2 5 SLAM i Bl 3T M 5 2
I fi 22 R 56 IE S50k B PR RE, SLER A5 R WK 3, 7
fr1/floor \frl /rpy 3% /> Fr 51 (4 72 (2 45 R 15 SLAM fir
P THHUIE 49 24 77 R 25 (A 0. 01 mo 35X Bl WA 3C
St A0 T e 6 22 K12 b 1 B8 A0 R £ 7 3k RE 5 ik
FrMLas N RS 8 € A, B 1 Blgie N Se BRME R 9 [ 32

®3 ETEEMENAEEMER

Tab.3 Results of visual localization with prior map

m
751 BRME  RAME Ty FRifE2E PO aiR 2
fr1/360 0.38 0.02 0. 01 0. 04 0. 05
fr1/floor 0.07 0.01 0.01 0.01 0.01
frl/rpy 0. 05 0.01 0.01 0.01 0. 01
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4.2 ItFRBEERFRLEZRE

T I 5 2 1 0 AL A% A AE A 5 B 0 [ 8 AR bk
YNTRIZ R

BLEF N R DU 48 22 3 LA N, 38 20 AL 9 A% 2 2
o D435i BUGR AL, F 5 R oT o T AL, BE &
CPU 257 8 fUME 4 15,256 GB [H 256 £, #:F R 4¢
>4 Ubuntu 18. 04, 40& 18a fi/n, HlEs A 1.163 m,
ARBILBE Hb T = B A 1,026 m, AL a8 AR SF 2 8
l 18b iR o

18 sSEF & A

Schematic of experimental platform

Fig. 18
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Fig. 19  Schematic of coordinate system of multi-layer map
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Fig.20 Experimental design of robot walking route
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Fig.22  Number trees in interactive layer
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Tab.4 Result of experimental site

28 Lic/m lpp/m A BB
HAE 21.33 19. 40 30
HUERR N 19. 90 18. 30 30
B2 1.43 1.10 0
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TE H SRS PR il RGB — D SLAM ™ 8 i S}
e R R 2 B, 32 B 1k S ot PR 3 4 o BRLAS
B IS B L T AR SC7 ik B A S I s R 2
TR P2 A R s A R 2 L o TR B R 5 K B R
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Tab.5 Cost time of k and d for generating visual

dictionary s
d
k
6 7 8 9
2 25.89 23.62 23.22 29. 46
3 30. 14 31.83 29.29 34.84
4 33.53 34.11 36.36 42.77
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i
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Tab.6 Memory size of i and d for generating

visual dictionary kb
d
k
6 7 8 9
2 2.0 2.7 3.5 4.5
3 13.1 20.3 29.7 41.8
4 76.7 137.5 229.7 361.8

Xt EANTR] kod AR B 12 20 W05 7 i k47 R 4%
K, Bk U AR o S5 T O A — A S B AT
JURY A6 2R, i IROOC B T s B B TR R AT SR I,
Bl 23 R WK R M d=2.k=6 Fld=2,
k=7 W52 2 & 90 AT 00 7 A s i TR ) o 1
RO H 51.62% F199. 16% 78 d =2 .k =8 IR 5
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Fig. 23 Recognition results using dictionaries with different & and d
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Tab.7 Influence of k and d on recognition time ms

d
k

6 7 8 9
2 9.4 11.2 12.3
3 16. 8 18.8 19.4 18.7
4 18.3 16.9 15.6 13.4

4.2.3  JETSRIHE B e E L 5L 5
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Fig. 24  Result of visual localization based on prior maps
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Fig.25 Process of autonomous robot navigation
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Fig.26  Autonomous robot navigation in interactive layer
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