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Multi-object monocular SLAM based on instance segmentation

and 3D reconstruction in dynamic scene

Feng Zhou,Xu Xinying,Zheng Yuxuan,Cheng Lan,Li Pengyue

(College of Electrical and Power Engineering, Taiyuan University of Technology, Taiyuan 030024, China)

Abstract: To address the problems of inaccurate camera pose estimation and insufficient utilization of environmental semantic information
in most SLAM systems in dynamic environments, proposes a dynamic object detection algorithm based on the instance segmentation,
keyframe detection, and Bayesian dynamic feature probability propagation, and three-dimensional reconstruction of static objects in the
environment. To construct a multi object monocular SLAM system in a dynamic environment, the system performs instance segmentation
and feature extraction on key frame input images, which could obtain a set of potential moving object feature points and a set of static
object feature points. A set of non-moving object feature points is used to obtain inter frame pose transformation, Bayesian probability
propagation of dynamic and static feature points are utilized for ordinary frames, and a set of static feature points is used to achieve
accurate estimation of camera pose. Joint data association is performed on static objects in key frames, and after sufficient data is
available, multi object 3D reconstruction is performed to construct a multi object semantic map. Finally, multi object monocular SLAM
is achieved. The experimental results on TUM and Boon public dataset show that in dynamic scenarios, compared to the ORB-SLAM2
algorithm, the RMSE of APE decreases by 54. 1% and 58.2% on average.
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5 Bl b, AT E A SCRE AR T I A AL T B S
B R 2R /N, T ORB-SLAM2 25 ¥ A6 1 i A HL 5 52 bR
IR,

mFE 455 s, AACEDLS HET4ER SLAM
¥ (DynaSLAM "' ORB-SLAM3"*') 7E TUM h 5% 53%
SRR X A ZE IR 2 APE FIAIXH EiR 2% RPE X} L, A<
SCHEE AT DynaSLAM 575 Al ORB-SLAM3 557443331
SEEEFE 30. 1% 25.3% . FF w_xyz JFFH) S AR SCAE
A%} ORB-SLAM2 %5  DynaSLAM .5 fil ORB-SLAM3
By IR T 85. 7% \75. 6% F155. 5% ,
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%1 ORB-SLAM2 FAZA X EXHI 43T i BiRZE ML

Table 1 Comparison of absolute pose error between ORB-SLAM2 and our algorithm m
il ORB-SLAM2 571 Ak
v ¥y iR FHME g g7 i T4 g
fr3_s_hs 0.051 918 0. 045 580 0.042 514 0. 036 770 0. 027 363 0.019 548
fr3_s_rpy 0. 049 442 0. 045 546 0.043 477 0. 050 570 0. 044 362 0. 039 255
fr3_s_static 0.017 821 0.014 187 0.012 222 0.019 132 0.016 219 0.012 322
fr3_s_xyz 0. 042 301 0. 038 048 0. 035 109 0. 041 292 0.031 104 0.021 878
fr3_w_hs 0. 135 035 0. 094 861 0.061 219 0. 050 565 0. 035 550 0.024 011
fr3_w_rpy 0. 151 751 0. 135 282 0. 108 058 0.109 479 0.097 911 0. 101 261
fr3_w_static 0.019 122 0. 015 645 0.013 442 0.012 342 0.011 212 0.011 126
fr3_w_xyz 0. 132 151 0. 114 897 0. 100 04 0. 018 917 0.014 751 0.012 257
~ 331 ORB-SLAM2 An A
S-ost NV
R e 5 <.+ S ‘ .
- \g of / ~ “\\L s
X ) ) 2 10 ‘v’ ORB- SLAM7 ) ) ,
15 20 25 30 35 40 15 20 25 30 40
ils +1.341 846 3x10° ils +1.341 846 3x10°
0.(5) r AL ORB-SLAM? s ORB-SLAM2
E-05p " 4 < -100} P
B oTOf ) ERE
—1.5F o ) ASCE Y L sl ) ,
e /N
DR Exm , , T . % .50l ORBSLAM2 , . \/ . o
207 ORB-SLAM2 ., o 30f ~ ORB-SLAM2 \
g1.5f Hrryme——————et A e < b e/ S
TLop sk . \\/ - ilgg ZU:E& T~ | 4 Y
. 0 . » ils > o0 +1.3?151 846 4730" 3 z s » ils > o0 +1.221 846 47910"
(a) xyzR A (b) rpy A
(a) xyz perspective (b) rpy perspective
K5 TUM 8585580t He &l
Fig.5 Track comparison diagram in TUM dynamic scene
R 2 ORB-SLAM2 FIAZE i HIHE XL ERIR ZRIXTLL
Table 2 Comparison of relative pose error between ORB-SLAM2 and our algorithm m
| ORB-SLAM2 53 AR SR
i By iRz FHME H L fE Y2 T H L fE
fr3_s_hs 0.013 63 0. 009 259 0. 006 832 0.014 370 0.010 387 0. 007 828
fr3_s_rpy 0. 005 912 0.004 182 0.002 827 0. 009 081 0.004 771 0. 002 266
fr3_s_static 0.008 819 0.003 411 0.001 348 0. 008 259 0. 003 330 0.001 483
fr3_s_xyz 0.016 314 0.0108 32 0.007 710 0.017 135 0.010 271 0. 006 974
fr3_w_hs 0. 023 441 0.014 466 0.010 032 0.032 182 0.016 001 0. 009 239
fr3_w_rpy 0. 022 362 0. 008 848 0. 003 647 0.017 028 0.010 329 0. 006 270
fr3_w_static 0. 006 844 0.002 339 0. 001 070 0. 003 917 0.002 917 0.002 243
fr3_w_xyz 0.037 399 0.016 823 0. 008 529 0.012 172 0. 009 602 0.007 491
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£3 TUM 37352 T APE BEH % 6 AR CHE 5 ORB-SLAM2 #.9%7E Boon RGB-D
Table 3 Improvement of ATE for TUM dynamic scene AEHEE I APE RN H , IS5 3R 7] & B A S
% BAHAE Boon BIAKUIESE T APE T ORB-SLAM2
527 BT T CALEH R0 e HELA P44 T 58. 2%

fr3_w_xyz 85.7 87.2 87.7 2.3 SEBETL
fr3_w_static 35.5 28.3 17.4 Freiburg Cars ﬁﬁ%[m AL, R o S i
fr3_w_rpy 27.9 27.6 6.3 BN, ASSCHERL Freiburg Cars BUHE4E H 35543 7 51 5 52
fr3_w_halfsphere 62.6 62.5 60.8 bRy el =i Se i gt . &6 8 7(a) M (c) 4

*F 4 TUM 3hZF % APE MUk 33 Lk

Table 4 Comparison of APE test results on TUM dynamic scene

ORB-SLAM2 .3k DynaSLAM 579 ORB-SLAM3 #1% A

el WL RRMEZ T BV RREZE Traj MR BRIEZ T MOPR BRMER Trj
RZ2/m /m /% RZ2/m /m /% RZ2/m /m /% R72/m /m /%

W_XYZ 0.132 151 0.065289 89.5 0.077 459 0.042202 97.8 0.042521 0.030588 98.4 0.018 917 0.009 897 99.1
w_slatic 0.019 122 0.010994 93.4 0.013992 0.005846 92.3 0.016 125 0.010272 93.8 0.012 342 0.005 159 93.9
w_rpy 0.151 751 0.068 755 94.3 0.130455 0.083464 76.6 0.113892  0.045 066 96.2 0.109 479 0.0489 80 97.7

w_halfsphere 0. 135 035 0.096 103 91.7 0.084 044 0.064 147 92.1 0.080378 0.063 524 99.5 0.050 565 0.035959 99.7

&5 TUM 31ZF % RPE flik 33tk

Table 5 Comparison of RPE test results on TUM dynamic scene m
| ORB-SLAM2 &% DynaSLAM 5% ORB-SLAM3 &% ARICE
i By iiR2E bl 2 By HiR2E b2 iRz b2 ¥y iRz b2
W_Xyz 0. 037 399 0.033 402 0.023 683 0.020 02 0.020 192 0.015 628 0.012 172 0. 007 480
w_static 0. 006 844 0. 006 431 0. 003 639 0.002 498 0. 008 662 0. 007 957 0.003 917 0.002 613
w_rpy 0.022 362 0. 020 537 0. 130 455 0. 083 404 0. 008 795 0.007 688 0.017 028 0.013 537
w_halfsphere 0. 023 441 0.018 445 0. 044 704 0. 040 207 0. 058 046 0. 053 546 0.032 182 0.027 923
#%& 6 Boon Fh75F 5 APE MUK XfLL
Table 6 Comparison of APE test results on Boon dynamic scene m
- ORB-SLAM2 %3 E S RS

i By 2 FHE LREVA(ED b2 ¥riiR FHME LREVA (] b2
rgbd_bonn_balloon 0. 119 808 0.110 689 0. 103 961 0. 045 847 0. 039 988 0. 035 058 0.027 677 0.019 236
rgbd_bonn_balloon2 0. 172 595 0.161 052 0. 160 583 0. 062 06 0. 133 820 0. 120 034 0. 123 403 0.059 159

rgbd_bonn_balloon_tracking 0. 134 811 0.107 010 0. 072 196 0. 081 992 0. 025 897 0.023 144 0.020 789  0.011 620
rgbd_bonn_balloon_tracking2 0.351 011 0.307 843 0.255 527 0. 168 647 0.072 616  0.062 774 0.056 494  0.036 503
rghd_bonn_crowd 0. 067 053 0. 059 778 0.051 592 0. 030 376 0. 046 709 0. 042 552 0.039 114  0.019 262
rghd_bonn_kidnapping_box 0.061 823 0.057 754  0.051 812 0.022 057 0. 020 267 0.018 797 0.017 717 0.007 579

rghd_bonn_kidnapping_box2 0. 058 591 0.053802  0.055528 0.023198  0.064 402 0.018 635  0.011 625  0.009 368
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(a) R Ea
(a) Rendering a

53 | ®  C

(b) BREb
(b) Rendering b

(o) 5%
(c) Result graph

Kl 6 Freiburg Cars =2 # &R K

Fig. 6 Rendering of 3D reconstruction in Freiburg Cars datasets

W RAE Freiburg Cars 54 5 H 3050 b = 4 5 #UR
P&, b AL Al T A A AR E 52
BRI YA 5 5 B =4 i AR 5 B A 7a 9D
QBHE Te T DO@FTF F/m PIAEXT %, Fl 7(b)
() ZrBIXF R 7 (a) () MRTmiSE bR st EIE, &R
7 R =HEE AR E R R 3 FE R AT ITAN 1) 3
S PO X 4 A ME G I (accuracy of central object
reconstruction, ACOR) ;2) 1E H [X 38 PN X 4 & 2 v o 1
(accuracy of object reconstruction in normal areas,
AORNA) ;3) 25X 5 215 B # (whether the edge object is
reconstructed, WEOR) ,,

RT ZHBELERTE

Table 7 Evaluation of iterative reconstruction results

g/ S ACOR/% AORNA/% WEOR
Freiburg Cars 100 100 No
EM 737755 100 100 No
737755 ) 100 50 No
Bt 100 83 No

WE 6(b) Fizn, £ Freiburg Cars 2038 4 = & &
ed 3 ARG, Hh QR PO x4, @R IEH XK
SR, @R GxT G, BIE 6 (a) AT LU E] o Xt 4
O #YCR 1 7 R A7, S5 A T 57 00 A i 45 5 b (%]
SUBCEFEE . XS el UL I i A5 X PR
AR, FE g HEEBOCRAM T ox 2 OK 2%,
MR 6 (b) Hral DL Hh o0 X 5 8 @ RUR R 4F
XA Z2 Wi 5 0 1w AT S, HAER 6(b)
TR B %0 G OTE 2 WUEHE 5 55 i, EE R
g2 1) B LI BN AL G R AR X A 5 2) A TEZ
ASTERNE N, RS PEAT R R OC TR, R A g g R R
K 6(c) i,

M 7 (a) 5B 7(c) bR st i @ROR AT, & 7
(a) PEIPLMROE B 7(c) PRITPLMEDS5Q
L AR ACRS R ot 50 A T 4 T 5 TE R DX PR ke AR i
ML TR A (], H i A SOR AR [R], 48] 7 () IR X
SRR 3 X R @R LI WO 2 R ROR 2%
FESEBR e X i G 42 BV 7 (a) Tl FH B 2R AE AT
TERIXS @R LI RGN H I A T 2

WP 8k SLAM++% 35" 5 DSP-SLAM #: =
Y E ORI . SLAM++3K ] RGB-D AHHL, HXt % N
ST I R R TR, RO E 8 (a) IR,
SLAM ++ [ ¥ 75 2 901 s i 7 W) IR B30l I, (B L A5 e 45 4
Jel, BT A W) K TR & 7 [A]— P 1 L, DSP-SLAM & 4t
[FIFER ] DeepSDF XT3, AR AR HAEZH
R H RS HOCE AR X Z YR T E A R EE LR
ASOGT T YA I 1) A AR Ay e ) R R AT A
HAROR A 8 (b) o AT 2 {5 HT 58 5 ARBLAS P15 4
ZAAAT =T, AR S IR = RS S A
BUSEZAGTRERE , 5 SR FeA 23 i 1 00 64 14 2 W AR K0l
KR R T 2k Z ) Z YR SR Z 8] 2 )
W5 S = Z R AL
2.4 EHRERIETHE

AR ABEYGs TR E IR 8 fros, Horp
Sparselnst 5451 43 %) W 2% 15 DeepSDF = 4t H 1 j £5 i F]
CUDA ( compute unified device architecture ) 4B
L, S 3 28 AN T T O BT, T IR B 40 ms ZE AT,
S SR S NP ) 32 22 R DeepSDF 24 14 1 4 1)
2 CUYNABUE R AR T A

N 9 FT R AN TR Bk B A7 U X L, Horp ORB-
SLAM2 83817 T R 25 ms/ i DynaSLAM Bl
Mask R-CNN 532 %o g — i PR AT 52 5] 4331, EIHFE 1Y
BFEIZ 2 180 ms/ M, 76 A SCI A5 A58 N R 48 V- ¥ FE RS
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(a) SERRIIR1BCRE

(a) Rendering of reality scence 1

(b) EhrE Rt

(b) Reality scence 1

(c) Ebr 2B RE

(c) Rendering of reality scence 2

(d) SEFRIZR2
(d) Reality scence 2

K7 Sibrbgst = 4E AR IE

Fig.7 Rendering of 3D reconstruction in real scene

(a) SLAM++

(b) DSP-SLAM

P8 HABS 2 =2 i U A

Fig. 8 Other algorithms 3D reconstruction rendering

2478 2 s/ ; Detect-SLAM R ] SSD 5303k, 45 Wi I A€ 5] )
2574 310 ms 5 PRIAR SR SR P O Ak T 52 9] 43 U A B 153
T8 A% i DL o S M R AL R LR, O RO Y
15 ms/Mi, 2240 MAFE T g 40 ms/ W (A0 5 = 4 o 13 5
43 WOIE A AR SCRL AT AR KA T R G asTl E

F8 BEHUBITHIE

Table 8 Running time of each module

[78°3 IBATI ]

Sparselnst
LS G ISP SIS
DU R A

40 ms/KeyFrame
40 ms/KeyFrame

6 ms/Frame

2t
15 ms/Frame

DeepSDF = 4 i £ 300 ms(JRITFRBL LR ) EZJLS

*k9 AREFIZITRIEIT L
Table 9 Comparison of running time of different algorithms

s AR e
(ms-Frame ")

ORB-SLAM2 %% 40 CPU
DynaSLAM %4 2 000 RTX 3060 Laptop
DynaSLAM (=R7 1 000 Titan X

(2 Spaiiiaifayesian) 40 RTX 3060 Laptop

AR (AF8) 100 RTX 3060 Laptop
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AL = 2 R AR AR I LA . 2 W R B T
YR SZ LX) % {8 ] DeepSDF X} ¥4k 347 = 4 2,
FLrh Z P ARSI SR A 3B 5 (tracking ) ZRFR HEAT, FERS
40 ms/ ST ; ) 1A S A X G 5 = 4 R 40 AF R &
L5} ( LocalMapping ) 2872 H UEAT , 4 44 S 451] £k X6 52 #E At
2974 20 ms, FASXT G = AE = AEFERT 294 100 ms, TEEAS
YR e UG | J5 2 R AR PR A 0 55 2 6 W AR e
HHATHEP TR B, B AR RGAENT T2 100 ms H i (f275
=HEEEY) .

3 & i

g i PR GG i A BRI AR S SLAM R Ge K
JE AR SCARE ) — ol AT o) )y 285 B I5G 614) Bk T S 451 03 0 A0 — 4
HAWZ Y H SLAM 8k %5 2 S/ ORB-
SLAM2 FyFEAl} |, 3T S 451 43 1 19 2% 5 DL S0 Mg 32 4% %
TR G G MU 5 3h 2SR, I R ARHC 0 37 2 i
A BIRENR o SR T AT S0 2 1 2% B 4 L, 4 B
WU AR AR DT I AR, A R g AL 4 30325 3 ot
Yop JRREHAIBR . 7E TUM 4545 5 Boon S 4E T, 5
Y % T A XK %Y ORB-SLAM2, ORB-SLAM3,
DynaSLAM FEAR LY, & (0KE BE V- B4 T 54. 1% .6.3% |
22.6% , TE TUM A w_xyz T3 247 | A SCE AT ORB-
SLAM2 ., DynaSLAM # ORB-SLAM3 % %t 4 %l 2 JF
85.7% \75. 6% 1 55.5% . LI 45 FIAIE T A SO AE
AT BA E LA E ORISR, 7E =2
SEG AR SCHE Freiburg Cars B8 45 5 SE PR 37 5t b X 0 55
TR SCYIR IEAT Z2 W IR A, SE 0 A 1 3R EE op
FETERTE SUAF R K L IR 38 SCA, FLIS ) 8 #6AH X 32D
A= e F A BT AR SO L X 0 B AUR
U EF IR XN AR A Al G T ROCR B2, LA
S pSPURI LY NS EA IVEPOE 356/ P T N i 8
AR TG IS T DA G f) - B R DGR 5 ) 1k — ik
PRI WA €/ AN T
&% 30t
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