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[Abstract] A semantic visual SLAM algorithm based on an improved semantfic segmentation network DeepLabv3plus
and multiview geometry is designed to address the issues of poor robustness and susceptibility to interference from
dynamic objects’in visual Synchronous Localization And Map (SLAM ) construction in dynamic scenes. Based on the
semantic segmentation network DeepLabv3plus, a lightweight convolutional network MobileNetV2 is used for feature
extraction, and depthwise separable convolutions are used instead of standard convolutions in the Atrous Spatial Pyramid
Pooling (ASPP) module. Simultaneously, an attention mechanism is introduced to propose an improved semantic
segmentation network DeepLabv3plus. Combining the improved semantic segmentation network DeepLabv3plus with
multiview geometry, a dynamic point detection method is proposed to enhance the robustness of visual SLAM in dynamic
scenes. On this basis, a three-dimensional semantic static map containing both semantic and geometric information is
constructed. The experimental results on the TUM dataset demonstrate that compared with ORB-SLAM2, the highest Root
Mean Square Error(RMSE) and Standard Deviation(SD) values increased by more than 98% and 97% , respectively.
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Fig.1 Overall framework of visual SLAM

1.1 i3t AY DeepLabv3plus i X 53 £ [ 4%

A LA DeepLabv3plus''™ b 3 Bl HE 22, % 3t
— MR 4 . 1 5E, R F MobileNetV2 "' 5% i
FEAE 48 B0 5 SR 5 L FF TR B2 AT 43 5 46 FRUN ] 31 ASPP
B s B 5, 7E M 4 4l A SE TEE I ALHTT
2 ft s i AR SC I i DeepLabv3plus 1Y K 2% 2%
(RSSO L <O N 5 A il Rl L [ 7 i € =
MobileNetV2 18 #; J5 ¥ (1) Xception' "', I % F iT #
25 2] AR EOI R B RY ) fE ASPP L H Hp il R AT
53 B A B T DR IE 43 BIORS BE 1Y W) I 45 08 A )]
% I8 BN AL AR G5 [ h I ) 2% b 3R B AL 4
e 45 2 WO R AR 38 1B A, AR SCIR 7R I 2% i A
SE i B 1 AL, T 9 2% 1k B S AT g Ok B A AL $R
YRR o



244

E50% E3H/2024FE 38 /iHENM IR

1x1 DSConv

NUANVENTENGEN

3x3 DSConv
rate 6

3x3 DSConv
rate 12

MobileNetV2

3x3 DSConv
rate 18
Pooling

Low-Level Upsample by 4 1«

Decoder Features

A
1x1 Conv I

ol

Concat

-

T

2 K #H DeepLabv3plus M & £5#
Fig.2 Structure of improved DeepLabv3plus network

SUEILAEENHEILN A E

W5 N BRI T8 43 5 46 1 RE A 36 5 5632 3
HARXT G (A, 206 T h 7  BAR SRS Ik L E
Bl sz g X SLAM 7= A (1 52 4 A4 F b 89S
ENGE NYSE 37 KL R R R % W 7 B = R )
PR RS X G, X WG S0 SLAM PR AR
M o R, AR SCHE — 20 SR Z IR U] Ty ik k47 3
SRR BRI < b P AT 2 P 20 AT, I A
M2 SRR BEAEAE AL /N BT 2 X 4y S 3h A H
b AR S H bio 22800 B LA 5 3 7R 2 B an | 3 8
IR RE RN FROA WL, R 22 A 25 A RHR i
B BE A v A T, 0GB T K 8 DG HE R p #5312
HIW C,, 15 B85 52 5 p FIAE IR D, B A 5
PN 3D pi & PR IG TR ZE M a(p i RIEH S
p'Z A 2 £ o) o A TUM 085 £ 1 A 03 5
WAL 2 a>30°, AT W sh 245 o[RBT,
AR SCAR AT SR Al 22 AD=D,,,,—D", D37 4 1ii i
WG R, 7 AD=0, % S B SR RS, 4
AD>0, W32 s A SR B A 1

1.2

()R mp T 14
X R (D=Dyrej)

3 ZRENLMEEREE

Fig.3 Schematic diagram of multiview

(b)RfE xip' R T 14
Z X R(D<<Dyrj)

geometry principles

B X i E R

FE T S PR 2 B v i B PCL R85 A 0C
TR IR B BT AR B 2, R 2 Y 6 S B
BT R B JE S A B 58 S = MR 1 Ae I A A
P R AT A B AR TR o BRI B 2 Ml R AR
25 NAR BB BT, (R 2 6 25 b JB1 A7 A8 A7 % 25 TR K
LB AE B IUR U RBE R T SR8, 58
M AR L, SO i O] B AT A s Y
WL | AR A7 it 23 ] AL 8/ T 25 1 [ s /SR
Hiu AT DL T 03 A AL N S R B AR R S
FH T4 PR A0 B0, 0 A* DS sk . B, A
SCXF A 2t P Ak — 2B Ab ER O 0N s b
NS HJE |, 52 T SO\ U M Al e, (R R AE
R R v, DR AE A AL AR 1Y W R RS B IR e R
iR 22, BRI SUTE B A B ) A RSN —
B TR, A S O AE 3 5 = D B — AT i
W IE AR o B xel 0, TIHEATHEH % x 9]
TRAE R 0.5, 1% RURAS — BB S 09, I8 4 x fH
SAWIHE R, 2 AT SRR RN IS A xS
AN o A xR RS R s/ i A L 02
B (LK [0, 1) X1 B0, 25 B0 Ab 30 R AN,
DAL I, R MR 238 % 50 41 3 99 502 5 L 1 peR
(B ) om0 HUE o5 I RE R p 1 $0(E i
JL0, 1], 0 logit 25 #a /A =N T .

1.3

y=10ga(p)=10ga(p) (D
1-p
D) AT AR Ry
N 1
p=logit™" (y)= Trexp(ey) (2)

{150 354 2 A T 20 B9 WD R P(n | Z,.1).
Z 3R WL, 0 FCRE e B E SR P(n| 2, ) R -



%505 £3H/2024F 38 /HENITRE

245

P(n|Zl:T):
L 1=P(n|Z,) 1-P(n|Z,,_,) P
P(H|ZT) P(”|lerf1) 1= P(n)

oAt P(n) R 45 85 n B IR 09 S AR R P(n] 2,0 ))
FR n AN BB T— 12 AT RER . A SOk
JE B HE R P(n) R 0.5, 718 4 3K (3) e 4 hy 4 o 0 I
KN Ln| Z,.p ), F 7595 15 n A6 B0 B6F 18] 7 () 0 22
B, 0 T+ 1B 20 0 IR A0 T

Ln| Zr. ) =L(n|Z, )+ L(n| Z,) (4
Hod L] 2, )5 L(n| Z,) 5% 0 8 35 5 n 4 T
Z0 105 AT 2045 A M S B . 2t (4) ]

SR, 20— T S UL B B A i, AR R
WA BE Z 840, 75 W sk /> o MR 4 2R 15 19 15 5L, BE 30
AV EEAZAT RS PR AR XT/\RWHAIT%E&H
BT

2 KBHERSHM

SCEG S B R OF B B W R CPU A AMD R7-
4800H, GPU %! %5 2 NVIDIARTX3060, OS2y 64 {if
Ubuntu 16.04 & ¢ (1 2 10 AL/ 5 3045 8 52 56 5 43 fff
FH () % 2 BC - . PyTorch 1.7.1,,€UDA 11.0, CUDNN
8.0.5.39,Python 3.6, 17 K/VA 16 GB.

2.1 EXHEILIEEL

g ik J5 ) DeepLabv3plus 7 PASCAL Voc %% 3
2 E TN ST 58 UE . % 1T 7R A DeepLabv3plus
R SO 38 SCAr VSR i L e M A R .
FRTLUE AR SO B o BB AL 1) 7 2458 9F
Fe R 73.4% AR/ R 13.1 MB, EFHE[Z 21 ms

F1 FEERWIEN S EMEREXT L
Table 1
comparison among different models

Semantic segmentation performance
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Table 2 Comparison results of absolute trajectory errors among different algorithms

s fr3/w/xyz fr3/w/rpy fr3/w/static fr3/w/half
i RMSE SD RMSE SD RMSE SD RMSE SD
ORB-SLAM2 0.578 2 0.243 6 0.869 2 0.467 5 0.3913 0.164 4 0.813 1 0.3138
DLP-SLAM 0.0149 0.007 6 0.3099 0.1439 0.007 0 0.003 2 0.029 3 0.016 1
DS-SLAM 0.043 7 0.030 2 0.441 4 0.2199 0.007 9 0.003 8 0.0325 0.017 3
ARSI 0.0139 0.006 8 0.0513 0.033 7 0.007 8 0.003 8 0.027 8 0.0140
®3 AEEEMENCRZREZFEBMIWOITLER
Table 3 Comparison results of relative pose error translation parts among different algorithms
. fr3/w/xyz fr3/w/rpy fr3/w/static fr3/w/half
ik RMSE SD RMSE SD RMSE SD RMSE SD
ORB-SLAM?2 0.044 1 0.0255 0.053 2 0.048 1 0.014 9 0.0109 0.0392 0.034 2
DLP-SLAM 0.011 6 0.006 9 0.022 9 0.016 0 0.005 4 0.002 9 0.0139 0.008 9
DS-SLAM 0.0193 0.0156 0.025 1 0.018 5 0.005 2 0.002 9 0.014 5 0.009 5
AR 0.0113 0.006 5 0.0250 0.018 3 0.005 4 0.002 9 0.0139 0.008 9
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Fig.8 Real motion trajectory of the mobile robot
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Fig.12- Point cloud and octree maps generated by the

proposed algorithm
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Table 4 Storage space comparison among
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