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Semantic grid mapping and path planning combined with
laser-camera system

Ding Mengyuan', Guo Chi'** | Huang Kai'
1. Artificial Intelligence Research Institute, Wuhan University, Wuhan 430072, China;
2. GNSS Center, Wuhan University, Wuhan 430072, China

Abstract: Objective Intelligent mobile robots are widely used in industry, logistics, home service, and other fields. From
complex industrial robots to simple sweeping robots, the ability of simultaneous localization and mapping is essential. Tak-
ing the common low-cost sweeping robot as an example, the scheme adopted is to obtain the distance information between
the robot and an object in a plane through 2D lidar, and establish occupation grid map by using laser SLAM ( simultaneous
localization and mapping) to support robot navigation, path planning, and other functions. With the increasing demand of
intelligent service, the geometric map with simple information cannot meet the needs of people. Tasks such as “cleaning the
chair” and “going to the refrigerator” require the robot to perceive the environment from the geometric level to the content

level. In addition to describing the geometric contour of the environment through grid map, the intelligent robot should have
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the functions of target recognition, semantic segmentation, or scene classification to obtain semantic information. SLAM is a
key technology for a mobile robot to explore, perceive, and navigate in an unknown environment, which can be divided into
laser SLAM and visual SLAM. Laser SLAM is accurate and convenient for robot navigation and path planning, but it lacks
semantic information. The image of visual SLAM can provide rich semantic information with a higher feature discrimination,
but the map constructed by visual SLAM cannot be directly used for path planning and navigation. A semantic grid mapping
method based on laser camera system is proposed in this paper to realize the construction of semantic map for mobile robot
and path planning. Method To construct a semantic map that can be used for path planning, this paper uses a monocular
camera assisted lidar to extract the object level features and the bounding box segmentation matching algorithm to obtain the
semantic laser segmentation data as well as participate in the construction of the map. When the robot constructs the occu-
pation grid map, the grid that stores the semantic information is called the semantic grid. The semantic map updates the
occupation probability of the grid corresponding to each object and the semantic information in the grid. Then, through the
steps of global optimization, semantic grid clustering, and semantic grid annotation, the semantic grid map with object cate-
gory and contour is obtained. In addition, semantic tasks are published on the semantic grid map, the semantic weighting
algorithm is used to identify the easily moving objects in the environment, and the path planning is improved. This system
is mainly divided into three parts: semantic laser data exiraction, semantic grid mapping and path planning. The input of
the system includes the scanning data of 2D lidar and the pictures of monocular camera, and the output is the semantic grid
map that can be used for path planning. Semantic laser segmentation data extraction is based on the laser camera system.
The laser radar provides the scanning data in a certain height plane in the space. The module projects the laser segmenta-
tion in the camera field of view to the image and matches with the detection frame to obtain the semantic laser segmentation
data. When the laser segmentation data are acquired, the semantic grid mapping should be carried out simultaneously.
When the laser data are used to construct the grid map, the corresponding objects in the grid are marked with semantics and
contour according to the semantic information. Moreover, density-based spatial clustering of applications with noise
(DBSCAN) clustering algorithm is used to cluster the grids of the same object category and obtain the grid set representing
each independent object. Finally, according to the semantic information of objects in the grid set, the corresponding object
positions occupying the grid map are marked with different colors and words, and the semantic grid map is obtained. The
semantic grid map contains geometric information and content information of environment, which can provide specific
semantic objects for robot path planning and assist robot navigation. Adaptive Monte Carlo localization (AMCL) is used to
locate a mobile robot in a 2D environment, and the pose information of a robot is determined. The global path planning uses
A" algorithm to plan the global path from the starting point to the target given any target in the map and optimizes it accord-
ing to the semantic weighting algorithm. Result The hardware of the system consists of a mobile robot and a control machine
The robot platform is composed of a kobuki chassis, an Robo Sense (RS) lidar, and a monocular camera. The laptop of
the control computer is configured with 2. 5 GHz main frequency, Intel Core i5-7300 HQ processor, GTX 1050ti GPU, and
8 G memory. Semantic mapping and path planning system are deployed as software facilities and run in the robot operating
system (ROS) environment. The test system is Ubuntu 16. 04. First, the performance of semantic laser data extractions is
evaluated, and the detection accuracy of different object detection, laser segmentation, and bounding box segmentation
matching is measured. Second, the semantic grid mapping experiment realizes the semantic grid mapping of mobile robot in
the corridor and office. Results show that the semantic map in this paper integrates the object-level semantics well on the
basis of occupying the grid map, enriches the map content, and improves the readability of the map. Finally, in the path
planning experiment, the semantic grid map can perceive the environment content, provide semantic information for robot
navigation and path planning, and support the intelligent service of robot. Compared with the route in the original map, the
path after semantic discrimination is more flexible and more suitable for the situation of mobile objects in map building.
Conclusion Experiments in various environments prove that the method proposed can obtain a semantic grid map with a high
consistency with the real environment and labeled target information, and the experimental hardware structure is simple,
low cost with good performance, and suitable for the navigation and intelligent robotic path plan.
Key words: intelligent robot; semantic grid map; laser SLAM ( simultaneous localization and mapping) ; object detection;

path planning
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B hHLEE AT Z T Tk ZE5 Wi
MM Sk, IR 2 i Tl BIMLER A, B i
HEHAL SN, 58 R 2D 2 A7 5 2 K (simultane-
ous localization and mapping, SLAM ) | %42 #L K A1 FH
FRMRE AT

DATH T E o LA AR LA L s A R ], >R
()7 R 2 i 2D WOt B IR R 53— F N
PIURIRI R B 05 2, RO SLAM 857 o 4 i
N SRV S ] N S B ol [N o VB [ ) e
(Blanco 55, 2007) . BEAE R REALIR 5575 K i H 5 5
hin A5 B TR B L An] i B AN BRI AR AT oK
B ERA R B KF AR X AT 55
BERLAR AN IUAAT )2 17 T 380 P8 25 )23 TR SR 3R 5%
I 308 3 At 1] 78 S ) A5 1 LA 8 G A 3 A0, Y
REMLAR A A N H 48 H BRI ( Mousavian 55,2019 ) |
8 L ArE ( Chen %,2019) ﬁ%%ﬁ‘%’@( Kumari %5 ,
2020 ) ZF AR IE SUAF B AT RE 1 L SLAM AL T fi#
B ILE S, B R B B A i N A F R
( Doherty %,2019)

SLAM JEF% 3l Bl g A TE AR M BE #E AT IR R Ik
IRV B R (Hess 55,2016) , AT 43 A 306
SLAM FI#L5E SLAM P, Ot SLAM I 45 1,
fETHLE A S0 B A2 ), H B = 18 fF B (Li
45,2020) , IMALSE SLAM 1) EUR REFR AL & 13 X
e B, AR X0 B B vy (R AR A ) M AN RE L3
T AR LA AT AT (Sualeh A1 Kim ,2019)

R TSI AL AS AL S O R A L
AT AR LR, R SCHE S — A 2R T O — LR 52
(AT SO i 1 Dy, 3 A Bl e — 3 1 DG L B3k
O TR IR B 5 AEDLEUS A TP R B0 i 15 2. il
A RO SLAM 37 i SUMEAS i, 76 it b ]
AT U 55, SEI A R AR R

AT EZ DTN T

1) $ T — B OB A% 2 &1 vk 38 o A [
B FI VT BC A RO 1 H B RS B 0T 1 31 A 458
FRORIN B A9 S8 U SR EBGE SCHOE /3 18U
JFAZ R 25 3 7 bR T 0 A 28 S0l e G 1 1 SC A%
&

2) ET OIS L P81 1 AT B AR BT B X i A

rh 5 B Sl W 1A BIL A N S 0 R I A R 7 A T
Yoo Fei 7 —FhiE IRAOT ik

3) fER BLAR N L F #Ot SLAM 5k
Cartographer ( Hess %5, 2016 ) 1 H #5 & il 5 3%
YOLOV3 ( you only look once v3) (Redmon # Farhadi,
2018) HEAT I SO, IR R A" 5 ik (Siglak 4,
2009) FATHAS I, JE T 2 R0 E IR T 1S
KA SR GER L SACR

1 IBENHHEEEMBEERKRRIZIT

1.1 REEZE

R REEE TT T EAR R (18 P, A SC DL PR
HARPLHG Bt & i $2 O AR GO A R AIE | JE a4
Bl 3 — 3 B DG B B O G B A 0 % 1 81 45
ANE UK A5 303 SOROG o 51EE T RS 5t
Kl FEDLAS ARG L o 4l B A% b T B K R A1 A
SRR R R i SO A, 18 S I T B 45 AR X i
WA B o RS R AR T R SUE R R AT 4
JR A i SUMEAS RS FIE SUMME b 525 98, 153
FREEDI RIS S R4S B 018 S oIl oLk, 76 i
SUMS B A 1 AT 55, AL AT H ]
FORE R A B (Sidlak 25 ,2009) #E1T 4 R %
TR, XTEREE T 4 5 B S WA, SR i SURAUA
PR, X AR MR A T et

RGLEMINE 1 Prs, B2 il SCHOEEE
PRI T SOMHA 2 RS AR R 3 ER 4y, ARGk A
A4 2D WO B I8 B B0 AR EH AR BILAY RS,
iy L8 SR mT P AR R 1 i SOAEAS ML
1.2 BN EEIRRE

48 SLAM 533K F 9 B — 0 sl o % B2
ANRE R EH Fe SR SCRTRS B pbA% b AT 55, Ry
TAE RS SCHAR b ] X TR A S AT R
Pk R 2R B HEO SR AT B A E B .

T SCHOG A F s S O T HOC—HPLR 4,
SR 2 PR OB TR IR T A [ R — i
TN B , B HORE AL T A LA N A O
S B4 B G I 5 R A DT R, 45 21035 SOt
I3 HVEE

T SEIRUCHC, A B AR E BRI BIL A AR X
A7 g 153 B ARSI % A2 BB 6 ATRO o 08 s AR
PLEXR, BN AR — A48 R T #E47 VTR



5$26% /551088 /72021 F£10 B

T iz, IR, &/ BERNRGEXMEREEERL

T SGHOES RIS

K]

SO LI )

HLES N SE L

P SRS e B R AR LR R 58

Fig.1 Semantic grid mapping and path planning system

i —
SR
2 WOCE MRS

Fig.2 Lidar-camera system

(de Alvis %£,2019) .,

e, A bR WO B I8 AR H ARHLR O AR
XL E 3% (K,D) AI(R,T), (K,D)HIFRBCRH
158 B BLBEAR - T8 5 22 15 (Park 55,2020) ,D &)™
AR A S H, R R A bR RN Ak R PO
HLABTR ZR T AaFR P, VA KPR T I8 A6 AR &R R 1 AL AR
P, ATSE T DU 22 480 0C R A5 2 [F]— A b 2

P.=R-P +T (1)

P=K-P, (2)

A K HAVLN S R /s Ot ik e br R 3

FHBLAR TR 2R AR XS i C 2R, T 37 P AL bR 2R 19 AH
XERE R

VR, FFH B Ak ) 4 7 AR JBCRT TR 551 42 4% 14 1l
G, RIS B AR EIE S BB E(E R, R

4%} YOLOv3 ( Redmon #1 Farhadi, 2018 ) .1, Al
PRI IR AR 1 BAREE s, b EA
PEER (x,y) FEIMER (hw) o B
B Ak AL EAE B R/IME B AT A5 B Y R T R
ML AE B B A L& Box = | (x,y), (h,
w) |, HIERIARE | FEAF R s B Wik ny i AR
BRI E5 R FRR R

Det = {(l,,s,,Box,) ,---,(l,,s,,Box,)}| (3)

SRIG  ARBGEOE A 3 B . 06 FR R
OGN PR 3 1 T 2 AR AT B 414 e Sk S 4
SRR 5 HARARXT R A BOG o BB s, 43
FITFESH Leutenegger 55 A (2015) B TAE, 1/ HR
P WK IR B BOC 52 s T o3 21, AR R
A A A S o B R B T B R 8
A ST AR 46 43 ), R e/ — 3 [l 4 3
WG T I HLE B, S5 H T IRl — iR 4]
G5 ENG T, B I JE AT A5 20 5 AORS i 1 06 53 51
B H Seg, R, i FRBOCHIE AL h kY
Bk, I, EI45 R TRl

Seg = {Seg,,Seg,, -+ ,Seg, | (4)

I L B — A BIDC T, B H AR I i) 45
Det 5H0OG# Seg AHVCHD, 15 2] H bR (4% 1 1Y
FEHREOG T8, A R OB R 23 J0 B RS i X
o B AN A 15 800 OO E B, BT
WO E IR FARBLAY A R A [R] | 75 B 3R AR oL 4
HEHE AE XAF B AT R D e AR L 1 %)
EATHEATICAS , X TR AR BIA H B —
X ;O A BB | o8 s SUE B 5 O H 4
FIEAR ARG . B LU R LT

1) XTFAE—BOCHE R 73] Seg, , MM K,
R A T R A ER G Pro,

2) PEERVLIC A — L & Box, , M4
A SBOR T /N BUHE B2 5 I IR O G i 3 #)
(IR Sk JEb GO A N i s N R (I s % Ei'e
FEME—XIRN I ELE & Box, ,iTAHGY Pro, 1TEY1A
il & Box, LHIH5 Pro! VE YRR R BAE R4 5] ;

3) KO o R R A AR B ST UE B E
AT BT SLHOG 7 FIEHE Sls,

k1 A& —or RIVL R

HA o> E) Seg, HARK I Det, Bk 5 b5 i€ K,
R, T

b 9

i 3 SCHOCE R 4 E 8 Sis ;
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1) ¥iatk Sis, 245 & 288 min_points , thread ;

2) M 88 3 A ML FOV ( field angle of view)
Y Seg ;

3) for BF> Seg, do

4) WA EIR LR Pro,

5) for 1E Seg, W P, do

6) P, =K(R-P,+T);

7) if P, 7EE% then

8) Pro, + = P, ;
9) end if
10) end for

11)  for #£ Det B (1, ,s,,Box,)

12) 43I7E Box, 'Y Pro, i43: Pro!

13) if

pro’|
W > thread  then

14)  EARERRE] RayiD;

15) Sls + = (l,,s,,RayID) ;

16) end if

17) end for

18) end for

19) return Sls
1.3 EXHEEE

FRIUE: SO 53 BB AE I 2 [F] 20 AT 1 SO
LR, RGEAE ORI A S M T AR T S
SRS A O R AR AR ORISR AR IC . AT 43
6 b PR A AR o SRR LA R ORI SR 2K 3 20

AR 3t P AR SR 45 s BRIRE I —F- 1T ) LA
SEHG AL GEBOMIAS DUORAE o5 AR, AR SCHE 3> it
RS U6 o 4 B = 1 [ ) V3 0 4y A 2 531 (B e
T SO AE L SCAEA

T SORI 2 BRI A RS 191 UE R Rtk
YU AS B AT A58 S A b P B e OB rh il
S P IRTE E B R AR5 B BT
T s B A T SR AR TR A e SUE R, X R
B AR EIF O B AR R

AR 3 F % BE 1) DBSCAN ( density-based
spatial clustering of applications with noise ) J IS5 %
(Tran 55,2013 ) , H 7 H0H SO BUAL T 58— 5%
FR R A AN TR B A S W 7 4 A [ 49 £ 28 531) )
WA AT IR 26 15 BN A M e W IR A A 5
T Ji 4% BRI G v O MDA SUIE R X i i Bl A%

| Pro! | < min_points &&

b P (98 X6 7 40 A7 B AMCAS T 1308 R SO b, 45
B SO i A
1.4 BEEHMR

T SO b S A LTS RN S S,
REA Mg AN BRI SE B BAA T8 SCIAAE R B R,
ML N TS0, TEHLERIC RIS OL T  HLEF A
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Fig.3  Path planning system structure
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Fig.5 Box-seg match schematic diagram
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Fig.4 Semantic cost method schematic diagram

Table 1 Precision results of various objects
/%

Hizttk  BHisf  #oba®  aile—aRIei
i+ 99.2 88.5 95.4
Tl 98.3 90. 5 93.7
UKAR 98.5 84.7 92.2
R 97.6 81.2 89.5
V- HH 98. 4 86.2 92.7
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Table 2 Segmentation results of objects at

different distances

HES/m ¥ Nt [Ceiea A

1 88.2 96. 4 92.5 89.4
2 85.3 98.3 98.2 87.7
3 84.5 95.1 96. 1 87.9
4 85.6 95.6 96.5 81.8
5 82.6 94.2 fail 60. 8
SR P 85.2 95.9 - 81.5

TE fail FoRAEINRI,« -7 Fn F IR ICIE T
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Fig.6 Semantic grid map of laboratory

((a) original grid map; (b) comparison of semantic

grid map and real environment objects)
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Fig.7 Semantic mapping in a corridor
((a) build a grid map based on laser data;
(b) identify the microwave oven; (c) identify the chair;

(d) complete semantic grid map construction)
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Fig.8 Path planning results under semantic grid map
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Fig.9 Comparison of path planning with movable objects
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Table 3 Comparison of distances for easily moving objects

BITUA%H
36 9 12 15 18

AT B/ m 27.2 27.2 27.2 27.2 27.2 27.2

B RAE S AR /m 26.5 25.3 24.6 23.8 22.5 21.2
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