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Abstract This study proposes a semantic map construction method based on object segmentation to solve the problem
that maps constructed using the traditional visual simultaneous localization and mapping (SLAM) lack semantic
information and cannot understand the scene content to improve the ability of mobile robots to perceive the environment
and perform advanced tasks. To begin, the improved semantic segmentation model Deeplab V3+ was used to segment
a two-dimensional image to obtain the object’s label. Further, the dense map was constructed according to the improved
iterative closest point (ICP) point cloud splicing method, and the region growth algorithm was used to segment the three-
dimensional point cloud. Finally, the semantic map was constructed by mapping the two-dimensional label to the three-
dimensional dense map. Experimental results show that the improved Deepl.ab V3-+ detects objects four times faster
than the original method; the improved ICP algorithm is used for point cloud splicing, and the relative trajectory error is

reduced by 16.4% when compared to the ORB-SLLAM algorithm in the fr/360 sequence of the TUM dataset; finally,
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compared with the ORB+YOLOv3, ORB-+MASK-RCNN, ORB+Deeplab V3+ methods, the proposed method

not only reduces the redundant information of semantic map but also builds faster and occupies less storage.
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Table 1 Network parameter selection

, (11)

Training parameter Value
Batch size 4
Learning rate 0.0001
Power 0.9
Epoch 100
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Fig. 7 Algorithm training overall loss curve
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Table 2 Algorithm evaluation index comparison

mIOU / PA / Numberof Time /

Algorithm
§ % %

parameters — ms

Deeplab V3+ 78.27 89.43 9.03X10" 318
Improved Deeplab V3-+ 76.95 87.18 3.53X10° 75
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Fig. 8 Comparison of segmentation results between Deepl.ab V3-+ and improved Deeplab V3. (a) Input images; (b) ground
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Table 3 RMSE of relative trajectory

RMSE of relative trajectory

Number
Dataset RGBD- ORB- Proposed
of frames
SLAM SLAM algorithm
fr1/floor 1242 0. 0044 0.0041 0. 0040
frl/xyz 798 0.0058 0.0059 0.0057
fr2/360 1431 0. 035 0.033 0. 0276
fr2/desk 2965 0.0037 0.0036 0.0035

$£59% F 1081/2022 £ 5 B/HEXBFEHE

NN

JE % o

T — 5T, R T 2 S 1 ICP Rk Y
I E AR KBS L AN frl/floor 751 Fl fr2/desk
FE 51 e 4 531 28 BB 5 114 100 Wi 181 F 64T 10 A 8, LA
S5 g YR A B AL 8 1 B[] R F 35 2 AR B S S8
Habr. MWEAPRTLIAE W, Bt 5 /9 ICP B3k 1 F 1y
AR B . AR LS R ot MR B AR . X 2
T ICP J X 05 2 64T T W0 R i 0 358 92> T 7
ZAR AT AR AL T A HERA 1Y ICP 1)
(B, AR AR R B R BRI . SE B0 25 R 3R, itk 5
(9 TCP B33 AT LA S80HiE v 0 0 1) S5 Ao P o it 1 ,
Sy = 2 i,V g AR PR A R W R 25

*4 B EE S R

Table 4 Speed of motion estimation and number of iterations

ICP algorithm

Improved ICP algorithm

Dataset Average time /s Average number of iterations Average time /s Average number of iterations

fr1/floor 0.042 9 0.016 3

fr2/desk 0.033 7 0.012 2
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Fig. 9 3D point cloud maps. (a) Perspective 1; (b) perspective 2
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Fig. 10 3D point cloud after segmentation. (a) Perspective 1; (b) perspective 2

3.2.3 HBEEELRBHE

fifi il DeeplLab V3% room 37 5% i — 4k K % ik
135050, ARECY A G B 28 5 R B SR 5 8 3k
R SUIE B B 50 =4k s & i s

RN W AR T A (%) DX 38 DG i B4 2 A0 SUAR 8L SE B
S A S R 1 s . B 1R afak
AN AR IR VDK RN ERRTT R
O RRAE Y, oAb 25 (8 254 K 630w, A LA T

1015002-8



$£59% £ 1081/2022 £ 5 B/HAEXBFEHE

picture| sofa | pillow| plant | door

Bl 5 B (a) BLA 15 () WA 2
Fig. 11 Semantic maps. (a) Perspective 1; (b) perspective 2
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Table 5 Comparison of map construction performance of different methods

Method Number of point clouds Total map construction time /ms Map size /Mbit
ORB +YOLOv3 4132273 508 145.7
ORB-+MASK-RCNN 3740152 461 128.2
ORB+Deeplab V3-+ 3309853 439 110.5
Proposed method 1176592 231 71.2
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Fig. 12 Semantic segmentation results of improved Deepl.ab V3. (a) Scene I ; (b) scene Il ; (c) semantic segmentation result

door

under scene I; (d) semantic segmentation result under scene |
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Table 6 Segmentation performance under different scenes

Scene mIOU /% Processing time /ms
1 76.59 86
i} 77.92 53
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Semantic maps from different perspectives. (a) 3D map; (b) semantic map from perspective 1; (¢) semantic map from

perspective 2; (d) semantic map from perspective 3
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