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Visual Simultaneous Localization and Mapping Method of
Semantic Octree Map Toward Indoor Dynamic Scenes

Zhang Rongfen’, Yuan Wenhao, Lu Jin, Liu Yuhong
College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, Guizhou, China

Abstract Aiming at the problems that traditional visual simultaneous localization and mapping (vSLLAM) systems cannot
remove moving objects in dynamic scenes effectively and lack semantic maps for high-level interactive applications, a
vSLAM system scheme was proposed. The scheme can remove moving objects effectively and build semantic octree maps
representing indoor static environments. First, Fast-SCNN was used as a semantic segmentation network to extract semantic
information from images. Meanwhile, a pyramid optical flow method was used to track and match feature points. Then, for
step sampling of the feature points, a stepping random sampling consistent algorithm (Multi-stage RANSAC) was used to
perform the RANSAC process on different scales several times. lLater, the epipolar geometry constraint and semantic
information extracted from the Fast-SCNN were combined to remove the dynamic feature points of the visual odometer.
Finally, the semantic octree map representing the static indoor environment was built by the point cloud after using voxel
filtering to reduce redundancy. Experimental results show that the performance indicators of a camera, including relative
displacement, relative rotation, and global trajectory errors in the 8 RGB-D high dynamic sequence of common datasets
TUM RGB-D, are improved by more than 94% compared with the ORB-SILAM2 system, and the global trajectory error is
only 0.1 m. Compared with a similar DS-SLLAM system, the total time for eliminating a moving point is reduced by 21%.
After voxel filtering, the semantic point cloud and octree maps occupy 9.6 MB and 685 kB storage space, respectively, in
terms of map construction performance. Compared with the original point cloud of 17 MB, the semantic octree map occupies
only 4% of the storage space; therefore, it could be used for high-level intelligent interactive applications due to its semantics.
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Fig. 3 Result of semantic segmentation. (a) Original drawing; (b) segmented output
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Table 1 Multi-stage RANSAC algorithm

%2 RANSAC S 4%
Table 2 Test results of RANSAC algorithm

Algorithm Multi-stage RANSAC Algorithm T Ins. Outs. Time /ms
Input: Previous Frame, F;; KeyPoints of F,, K; Current 0.1 168 6 8.22814
Frame, F,; The minimum number of points required,, m 0.2 228 12 1.02447
Output: The outliers, O; The inliers, I 0.3 260 13 0.60222

1: assign Ktol

2: for the current stage number 1 is less than

3: compute the maximum number required for iterations, N
4. select randomly m points from I

5: while the number of iterations is less than N

6: solve for F/

7: determine the portion of inliers among K using F
8: if the portion of inliers is larger than t,

9: leave the loop

10: end if

11: end while

12:  assign new inliers to [

13: end for
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Table 3 Test results of Multi-stage RANSAC algorithm

7 7, Ins. Ins., Outs. Time /ms
1 0.1 294 159 5 4.99953
1 0.2 294 210 4 0. 83729
1 0.3 294 238 11 0.48140
2 0.1 327 159 7 9.83135
2 0.2 327 211 9 1.63077
2 0.3 327 238 11 0. 69094
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Table 4 Moving point removing algorithm

Dynamic Points Removing Algorithm

Input: Dynamic Points, O; Semantic mask of most likely
moving objects, M; KeyPoints, K

Output: The set of inliers, I

1: if M not empty then

2: for point o, min O, M do

3: if o = m then

4. remove M from K
5t leave the loop

6: end if

7: end for

8: end if
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Fig. 4 Outliers removing. (a) All feature points; (b) effect after removing moving points
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Fig. 8 Point cloud. (a) Original point cloud; (b) filtered point cloud
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Fig. 9 Semantic point cloud and semantic octree map. (a) Semantic point cloud; (b) semantic octree map
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Table 5 Typical value of translation

ORB-SLAM2 Proposed system Improvement
Sed: RMSE /m S.D/m RMSE /m S.D/m RMSE /% S.D/%
WX 0. 825981 0.449478 0.019991 0.010374 97.58 97.69
WH 0.502363 0.299615 0.025955 0.012036 94.83 95.98
WR 1.212279 0.676205 0.062167 0.041967 94.87 93.79
WS 0. 585281 0.423743 0.009044 0. 004097 98.45 99.03
SX 0.013602 0.006688 0.012649 0.006140 7.01 8.19
SH 0.040732 0.023205 0.017660 0.008521 56. 64 63.28
SR 0. 030898 0. 018059 0.021174 0.011048 31.47 38.82
SS 0.012007 0. 005570 0.007237 0.003720 39.73 33.21
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Table 6 Typical value of rotation
ORB-SLAM2 Proposed system Improvement
Sed- RMSE /deg S.D /deg RMSE /deg S.D /deg RMSE /% S.D/%
WX 14.812930 8.086117 0.618651 0.376314 95.82 95.35
WH 13. 379170 7.277847 0. 749063 0.354548 94. 40 95.13
WR 22.021472 12. 858064 1.201734 0.787774 94.54 93.87
WS 10. 334787 7.523754 0.256180 0.110816 97.52 98.53
SX 0. 578052 0.299133 0. 503881 0.274636 12.83 8.19
SH 1. 030726 0.456638 0.652451 0. 330930 36.70 27.53
SR 0. 882169 0.434188 0. 748790 0. 362180 15.12 16. 58
SS 0. 336292 0.144834 0. 259707 0.116066 22.77 19. 86
KT RRPGERIER
Table 7 Typical value of ATE
ORB-SLAM2 Proposed system Improvement

Sea: RMSE /m S.D/m RMSE /m S.D/m RMSE /% S.D/%
WX 0. 565505 0. 200691 0.014932 0. 007969 97. 36 96. 03
WH 0. 327989 0.177225 0.025357 0.013169 92.27 92.57
WR 0. 817879 0.430206 0.047672 0.033180 94.17 92.29
WS 0.409268 0.175114 0. 006957 0.003244 98. 30 98. 15
SX 0.009275 0.004796 0.010674 0.004922 —15.08 —2.63
SH 0.027882 0.013692 0.014091 0.006767 49. 46 50. 58
SR 0.021513 0.014181 0.016052 0. 009607 25.38 32.25
SS 0.007698 0. 003655 0. 005568 0.003047 27.67 16.63

AH XS @ 5% 1% 22 4 Bl 158 22 by s Ak g R 3Rk
ORB-SLAM2 % 7 16 AH [ 52 46 35 55 th ORB-SLAM?2
RGN 45 R, Proposed system 2 7R JIT £ & 4t i ]
a5 A, Improvement $§ Ir & R G £ 5 HXT LI R 4
R RCR S5 R DL E R OR .

R O~T B R BT, LT ORB-SLAM2, iy
ARG S EHRE R ST HNHA 94% L b
B2 TF . ESR ORB-SLAM2 & & B £ 2 % i 2, (H
BT £ R G0 AE K 3 A 32 B 30 8 BR & SXUF AN A
ANTF R B (4 Tt FE X T RMSE A 55 ik 1526 L i i

—-- ground truth
--- ORB-SLAM2

-2.2 — diffenence
-2.4
E
=26
-2.8
-3.0
-1.5 -1.0 -0.5 0 0.5 1.0
x/m

49% MR TH,S. DA WML 16% H s 50% W TF. N
T WA R B 2l A WiAE i WH 81 S
T, g5 R 1011 fras . AWK 10 0T L&
tH, ORB-SLAM2 Wl 2k i) %L 308 55 20 5 0 0 AH 22 ™ o,
1M T4 R G M Bk 5 LSl A 2= 8 L.
& 11 W a] LAF H, ORB-SLAM M iz () ¢ K N 7% 15
ZE M 1.2 m, i T 32 R g0 B R A7 RS 1R 224X
Z50.1m,

76 b T8 A6 2 97 T, ORB-SLAM2 {4 # 1T 3535 Y
i i i = ML . I HL i FIZ R Ge s Z sl W R i 40 i)

(b) —.- ground truth
--- proposed system
22 — diffenence
-2.4
E
>
-2.6
-2.8

“1.50 —1.25 —1.00 —0.75 —0.50 —0.25 0
x/m

0.25

E10 2R EiR2E L. (a) ORB-SLAM2; (b) Fi# R4t
Fig. 10 Comparison of ATE. (a) ORB-SLLAMZ2; (b) proposed system
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Fig. 11 Comparison of relative translation error. (a) ORB-SLLAMZ2; (b) proposed system

B, SV IR b gty 2 7 s 2 b BT 4R R ik
— N LR K AR 0 8 A AR W HE AT T E A T UAE B
B9\ SUR P R e S5 SR AN [ 151 12(b) TR 7R o M ]

A, ~a

T

R 5 AR Wi 8 6 e RT LA B A [ 2800 1 W AR
BT T ASFE B, 4b 32 RS B9 R I R i a3
o

Z I

P12 i SN SO i RS A O © () JRAR WUT 1 5 (b) 3 L\ SRS b

Fig. 12 Semantic octree map building effect. (a) Original frame sequence; (b) semantic octree map

3.2.2 5 DS-SLAM # 33 1k

[6] #E 5 T ORB-SLAM?2 #2 i} ) 28 1t DS-SLAM
SRS AN, FEBO T AR EG LA, A
6] 19 J& DS-SLAM % H #5 i RANSAC 7 52 X 4
E S 0918 3l — BOPE SR AT A8 F BLAETE S R R i
SegNet #2 B il X5 H . ¥ r#E R4 5 DS-SLAM 7

] — 88 {4 5 B b AT TR b, X e S A 8~ 10
FIF7R o

MR E L AERT 4 4L s A WUR ) L TR R
4 M 3 F DS-SLAM #8 A A [7] 2 B (9 48 7, L H 7
WR e #% 4 BF 5 WX {7 8 4k B 2 6% 10 85 % T
RMSE #5547 89 % BY4 T, %t T SD e /= 47 85% (1 #2
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Table 8 Typical value of translation
ORB-SLAM?2 Proposed system Improvement
Sed: RMSE /m S.D/m RMSE /m S.D /m RMSE /% S.D/%
WX 0.030283 0.019977 0.019991 0.010374 33.99 48.07
WH 0.031893 0.016458 0.025955 0.012036 18.62 26. 87
WR 0.152189 0.116961 0.062167 0.041967 59.15 64.12
WS 0.009347 0.004358 0. 009044 0. 004097 3.24 5.99
SX 0.012692 0. 006664 0.012649 0.006140 0.34 7.86
SH 0.017403 0.007808 0.017660 0.008221 —1.48 —5.29
SR 0.025757 0.014738 0.021174 0.011048 17.79 25.04
SS 0.007327 0. 003564 0.007237 0.003520 1.29 1.23
O HIR TR R 2E X L
Table 9 Typical value of rotation
Seq. ORB-SLAM?2 Proposed system Improvement
RMSE /deg S.D /deg RMSE /deg S.D /deg RMSE /% S.D/%
WX 0.766283 0. 529380 0.618651 0.376314 19. 27 28.91
WH 0. 846296 0.422084 0.749063 0.354548 11.49 16. 00
WR 3.043619 2.335232 1.201734 0.787774 60. 52 66. 27
WS 0. 255013 0.106953 0.256180 0.110816 —0.46 —3.61
SX 0.495392 0.270148 0.493881 0.274636 0.31 —1.66
SH 0.630755 0. 300657 0.628451 0. 290930 0.37 3.24
SR 0. 843054 0.468068 0. 748790 0.362180 11.18 22.62
SS 0.262147 0.117104 0. 259707 0.116066 0.93 0.89
#10 ERYPUBIRZER L
Table 10 Typical value of ATE
) ORB-SLAM?2 Proposed system Improvement
Sed RMSE /m S.D/m RMSE /m S.D/m RMSE /% S.D/%
WX 0.022180 0.014402 0.014932 0.007969 32.68 44.67
WH 0.032083 0.017715 0. 025357 0.013169 20. 96 25.66
WR 0.433820 0.228252 0.047672 0.033180 89.01 85.46
WS 0.007709 0.003275 0. 006957 0.003244 9.75 0.95
SX 0.010339 0.005377 0.010674 0.004922 —3.24 8.46
SH 0.014816 0.006672 0.014091 0. 006767 4.89 —1.42
SR 0.020242 0. 012680 0.016052 0. 009607 20.70 24.24
SS 0.006273 0. 003085 0. 005568 0.003047 11. 24 1.23

Tto HF DS-SLAM R4 A Giz [l Th B W5, 76 )5
A AR BT 5 rf, r it R G R B RS B h A WiUF
B R ) B {H7E 45 81 Lt A s R T, e e ok AT
WA S SR P FIMERE SR THIH W, Hof mi A 25 %0 e ik
11% kR . X+ SX 5 SH /541, B i 77 78 7% fiE
TR O, B R W B AAE 5% AINAE T — A
ERAIRES . L5 LR TR RGN T R sh &= i ik
PR BN LT DS-SLAM HEZE A — & 3 R sh 7
s i {35 DS-SLAM AT H 2= 08 = i P e 2 3 .

AN, AT M 2R B Multi-stage RANSAC 53k
5 Fast-SCNN A4 T DS-SLAM HE 22 1 M RE AL 3, 43

% % Multi-stage RANSAC % 3% | Fast-SCNN & 45 &
Multi-stage RANSAC il Fast-SCNN X - 1iF 5 21 iz
B — B FIWr 1 S H R ELARFE I HEAT T T RS

e e Al SegNet £ k4 %1 W 45 B 15 5L T
# Multi-stage RANSAC ik A DS-SLAM H, SZ5e 45 1
e 11~13 iR, 2 3k iy Muld 48 ik A Multi-stage
RANSAC J5 ) vSLAM % %t . 1% % T Multi-stage
RANSAC 51, FL3 8 1 AN [5) 1 40 51 1 4 55 20 i A4k
FEML , ik A DS-SLAM 41545 B & /4 1 e 48 7+, 76
WX SRFFIHETFIA i, 35945 10% DL 48 T 3 24
SFIvERESE T T 2500~30% o
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Table 11 Typical value of translation

DS-SLAM Multi Improvement
Sed: RMSE /m S.D/m RMSE /m S.D/m RMSE /% S.D /%
WX 0.030283 0.019977 0.024652 0.013576 18.59 32.04
WH 0.031893 0.016458 0.029321 0.016007 8.06 2.74
WR 0.152189 0.116961 0.138137 0.110548 9.23 5.48
WS 0.009347 0.004358 0. 009599 0.004705 —2.70 —7.96
SX 0.012692 0. 006664 0.012615 0.006442 0.61 3.33
SH 0.017403 0. 007808 0.017283 0.007227 0.69 7.44
SR 0.025757 0.014738 0.021212 0.011222 1.76 24.1
SS 0.007327 0. 003564 0.007315 0.003871 0.16 —0.03

12 MR R 22 X H
Table 12 Typical value of rotation

DS-SLAM Multi Improvement
Seq- RMSE /deg S.D /deg RMSE /deg S.D /deg RMSE /% S.D/%
WX 0.766283 0. 529380 0.683158 0.440730 10. 85 16.75
WH 0. 846296 0.422084 0.824658 0.447438 2.56 —6.01
WR 3.043619 2.335232 2.797477 2.189081 8.09 6. 26
WS 0.255013 0.106953 0.261905 0.122951 —2.70 —14.96
SX 0.495392 0.270148 0. 488689 0. 259726 0.14 3.86
SH 0. 630755 0. 300657 0.618015 0. 289567 0.20 3.69
SR 0. 843054 0. 468068 0.681521 0. 333695 19.16 28.71
SS 0.262147 0.117104 0.265180 0.110150 —1.16 5.94

13 RRPIE R EXT
Table 13 Typical value of ATE

. DS-SLAM Multi Improvement
Sed: RMSE /m S.D /m RMSE /m S.D /m RMSE /% S.D/%
WX 0.022180 0.014402 0.019148 0.010682 13.67 25.83
WH 0.032083 0.017715 0.028845 0.015730 10. 09 11.21
WR 0.433820 0.228252 0.407781 0.205247 6. 00 10. 08
WS 0.007709 0.003275 0.007302 0. 003459 5.28 —5.62
SX 0.010339 0.005377 0.009962 0.005129 3.65 4.61
SH 0.014816 0.006672 0.014589 0. 006602 1.53 1.10
SR 0.020242 0.012680 0.016531 0.010268 18.33 19.02
SS 0.006273 0. 003085 0.006142 0.003216 2.09 —4.25

FEK L E AR RANSAC RAE (45 B0 R, i Fast-
SCNN## DS-SLAM ) SegNet, SLH 45 A1 % 14~16
s, 2€ 3k T Y Semantic 7R Fast-SCNN ik A DS-
SLAMJG I vSLAM £t T o5 %1 W 25085 B 1 42
Jt, Semantic J5 Z2 AR AE 45 T PR REHE TH A ), 0 H AR
WRIFFH, Semantic J5 8 76 A X 07 78 15 22 5 AR 0T Tié 4%
REHRFEART 50% LA L, 2Rl iR 2 FEAK T 81. 81 %,
[FIAE A3 40 LG A WS 78 ARG 7% 15 22 5 R X Jie 5 1
25 5% LN BYIG N , Ab T — AR AR AR

X J5 , %45 & Multi-stage RANSAC 5 % Il Fast-
SCNN X FFAIE i 42 12 3l — SOk A Wy 38 e #1n B
PRFERT HEAT T 0T b, SE g0 25 S an e 17 fir s o ALK
5 S T TR R AR AT ER R B A R G AT — B AE
B8 — B E Y B, T i RGO FE R BE R T 13 ms
KA s M AETE LA HI BeAERT R 2 T 21 ms A2 47 . MK
SR FERT R, DS-SLAM I 18 5 48 P2 1 22 29 25 ms,
B H LT EL 28 ms, IBM S MIRAETA
T2 21 % fyRE .
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Table 14  Typical value of translation

DS-SLAM Semantic Improvement
Sea RMSE /m S.D/m RMSE /m S.D/m RMSE /% S.D/%
WX 0. 030283 0.019977 0. 020390 0.010275 32.67 48.57
WH 0.031893 0.016458 0. 027500 0.014119 13.77 14.21
WR 0. 152189 0.116961 0.072958 0.051138 52.06 56. 28
WS 0.009347 0. 004358 0.009172 0.004383 1.87 —0.57
SX 0.012692 0. 006664 0.012570 0.006306 0.96 5.37
SH 0.017403 0.007808 0.017659 0. 007570 —1.47 3.05
SR 0. 025757 0.014738 0. 020002 0.010545 22.34 28.45
SS 0.007327 0. 003564 0.007121 0.003518 2.81 1.29
15 AN TR RS 1R 220 L
Table 15 Typical value of rotation
DS-SLAM Semantic Improvements
Sed: RMSE /deg S.D /deg RMSE /deg S.D /deg RMSE /% S.D/%
WX 0.766283 0. 529380 0.614950 0. 379957 19.75 28.23
WH 0. 846296 0.422084 0.799037 0.402792 5.58 4.57
WR 3.043619 2.335232 1.471557 1.021622 51.65 56. 25
S 0.255013 0.106953 0.260383 0.114594 —2.11 —7.14
SX 0.495392 0.270148 0.486103 0.263159 1.88 2.59
SH 0.630755 0. 300657 0. 649584 0. 314669 —2.99 —4.66
SR 0. 843054 0. 468068 0.667244 0.323382 20. 85 30.91
SS 0.262147 0.117104 0. 258282 0.113205 1.47 3.33
16 2RPIEEREX
Table 16  Typical value of ATE
Seq. DS-SLAM Semantic Improvements
RMSE /m S.D/m RMSE /m S.D/m RMSE /% S.D/%
WX 0. 022180 0.014402 0. 015859 0. 008289 28.50 42.45
WH 0.032083 0.017715 0.026138 0.013565 18.53 23.43
WR 0.433820 0.228252 0.057395 0.041521 86.77 81.81
WS 0.007709 0. 003275 0.007095 0. 003276 7.96 —0.03
SX 0.010339 0. 005377 0.010258 0. 004892 0.78 9.02
SH 0.014816 0. 006672 0.014299 0.006334 3.49 5.07
SR 0.020242 0.012680 0.016159 0. 009816 20. 17 22.59
SS 0.006273 0. 003085 0. 005903 0. 002946 5.90 4.51
FATRFE BN JE 3 — B HUSE 1 B0 FER R 1
Table 17 Time comparison of feature point extraction, motion consistency judgment, and semantic segmentation unit: s
vSLAM ORB extract Moving check Segmentation
Proposed 0.008118 0.012913 0. 020810
DS-SLAM 0.008118 0.017299 0.027627
3.3 SEERIMENIN Be o 25 16 14 B TR SCor B 2528 B R G iz sh Ak

TS UE T R G A S PRI BT T i R I, B A B A RFAE SLEAT T AR S Bk B s e R AR a0
M TUM B8 4R 46 O S0 e = A H W 3 R ilf A7 1 15 FiR o
KA o TEMA b, BT HR R GeRR AR 4R IO By v A AR A S B 3 O SO\ SUR A R AR dn
RO Q& 13 fir s, A T AR 8 B R AE 2 i 47 T I 16 i o —J7 10, 45 A i o E1 3R A5 0 1 A5 BT
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B 13 Brde REEAEPIA S5t b 9 R AE AT 42

Fig. 13 Feature points extraction of proposed system in two scenes

K14 B REAEPIA S5 P i iE Lo w4

Fig. 14 Semantic segmentation results of proposed system in two scenes

Bl 15 Brde R GeAe A~ S5t b 00 3l s ) R

Fig. 15 Moving point removing effect of proposed system in two scenes

B 16 T AR G R R
Fig. 16 Map building effect of proposed system

iz W IR UG 64T TR RCER 3 — 5 T R A
Py I B B AR 2 A BA R T O T A S B
YRR E N IREE OO\ L . B, 28 T H
B2 PR RN R BE L% Octomap A T KR 5 L

4 %5 i®

PURE R JE 27 2] BIAAL G2 vSLAM R G 0 £, %
22 vSLAM TR Rk £ VE FE | 30 50 50 BR b o 151 69 4

LA AT T U0 AR RHE DS R IR Y 2R & 5%
LK it 125 LA 4 T+ ¢ AiF DT C B 3 B2 5 78 A 50 50 BR 319
H F Multi-stage RANSAC 5 XJ 4 LA 55 1iF /9 12 2l —
PRI IE )7 %8, % Multi-stage RANSAC H 14 9 4> 15 1
o 5 o 4T T 7 a2y ik 1k, JF 45 & Fast
SCNN £ A2 4K UM 18 ST Bk S BB 58 8 (1 B A e
TIE B 5 7 2 L AS PR 5T A A T 4 S — B W S BR
BE il SN SUR b [ LU A R G R etk . £ TUM
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PR G A & o 7 50 H O ORB-SLAM2 & 45 4% Tiil
BRI 94% DL L fPEREHE T, & R LI R 254
0.1 m. # DS-SLAM R4t , X} 8l 2 S Bk 9 S FE B A
219 MIARIR . 7E Hb PR A T, 20 0 AR 2 B D S 1 i
N M5 i SN SR Hl B 4 0 i 9.6 MB L
685 kB i A7 fiff 25 0] , AHHE T IR 4f 17 MB B 5 =, 18 X
I\ SR b AN 5 R 490 A7 il s ), i HO R, AT
WRERMTESZERMHMRES TR, Z2E6m 5,
P& vSLAM 4 B J5 v AT B¢ 0 SE B A n] Sk . A
TR0 TAE P 4k S 3R R AL AN AETE S\ UM 1 ]
rh P AR AL S L AR s S 3 R A ) R
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