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Visual SLAM Method Based on Optical Flow and Instance
Segmentation for Dynamic Scenes

Xu Chen, Zhou Yijun, Luo Chen’
School of Mechanical Engineering, Southeast University, Nanjing 211189, Jiangsu, China

Abstract In order to improve the accuracy and robustness of visual SLAM (Simultaneous Localization and Mapping)
systems in dynamic scenes, a visual SLAM algorithm based on optical flow and instance segmentation is proposed.
Aiming at the inconsistency of optical flow direction between dynamic objects and static background, feature points in the
dynamic region mask can be eliminated in the original tracking thread of ORB-SLLAMZ2 in real time. We use the existing
depth map and tracking thread pose estimation information to remove the optical flow related to camera motion and then
cluster the optical flow amplitude generated by the dynamic object's own motion to achieve high-precision dynamic area
mask detection. The dynamic landmarks in the local mapping thread are eliminated combined with epipolar geometric
constraints. Finally, the test results on TUM and KITTI datasets show that in high dynamic scenes, compared with ORB-
SLAM2, Detect-SLAM, and DS-SILAM, the accuracy of the proposed algorithm is improved by 97% , 64%, and 44%
on average. Compared with DynaSLLAM, the accuracy has an average increase of 20% in half of the high dynamic scenes,
which verifies that the proposed algorithm improves the accuracy and robustness of the system in high dynamic scenes.
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Fig. 2 Epipolar geometry constraints
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Fig. 3 Dynamic region detection of optical flow field direction. (a) Visualization of vector direction of original optical flow field;

(b) visualization of vector direction of optical flow field after transformation; (c) edge of optical flow field vector direction;

(d) instantaneous centre of velocity
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Fig. 4 Velocity instantaneous centre positions. (a) Occupying two quadrants; (b) occupying single quadrant; (¢) occupying four

quadrants; (d) occupying two quadrants and their boundaries; (e) occupying single quadrant and its boundaries
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Fig. 5 Dynamic region mask in optical flow direction. (a) Edge of optical flow field vector direction; (b) result of edge open operation;

(c) dynamic region mask

start

calculate the angle
of optical flow

v

transform the angle
of optical flow

v

calculate 6

closed operation
of Canny edge

Canny edge
detection

T

remove instantaneous
center of velocity

generate the mask of
dynamic region

calculate translational
velocity

6 BT i3 75 1] 9 3 25 DX ARG ) 5 75 i 4

Fig. 6 Flow chart of dynamic region detection algorithm based on optical flow direction
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Fig. 9 Dynamic region detection based on optical flow field amplitude. (a) Original optical flow; (b) optical flow of camera motion;

(c) optical flow of dynamic objects; (d) dynamic region mask
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Fig. 10 Flow chart of dynamic region detection algorithm based on optical flow field amplitude
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S 43 EI B H B o protonet 43 3 AR B — 20 J5E A mask,
4 I mask Fl prediction head 43 37 A B ) mask #5175
RECH T, SR 5 IE 47 38R 5 AN A 4 F) A5 2 S B bk
LN e

YOLACT++ 7 YOLACT | A A28 JE 45 L,
il SR AE S AT S AR A B I R A RS 5 2l AR anchor
Y RCBE K/ TGN R L L3 i anchor 28 & 5 7 N mask
re-scoring 43 3¢ , i i 4= A mask B9 10U (Intersection

over Union) 5 X I (1) 43 2% B {5 B 2 8] (1) 2fe £k X} 4
Ao BN EE ATV, DR AP i 45 51 . 985 Tk,
YOLACT + +FERUE LR M RT3~ , KIEHe T+ 17K
B (mAP) .,
4 5z 9
4.1 IWEH

AR S8 F- A M Intel i7 9700 3.00 GHz CPU,
32G N fF . RTX2080Ti i K iy PC, & 4 ¥ B &
Ubuntu 18. 04, SLAM RZGi i C++ 45, sh &KX
ARG £ R Python 45 o SEEG(H F TUM % 4
FTKITTUEE 4R 5 SE 4 2 TS SLAM 53
IRTEE NS AT e EMME &R, TUM
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BREQ TR R RIS RS 5.
B B B S W RN w(walking) , 78 & s & 3 50
NTEY b B GE 8 74738 18 2 R BRIk s 853
S PR O s (sitting) , 7EAR B & 50, NARLER 5 |
HEATAEWR I8 B R FE /N o B 3 SRR AL A O [+
1 BEAZ ALz 8 Ui |, 43 Jill J2 halfsphere . rpy | static il
xyz. FE halfsphere (& #% hs) il v, AHHLVE % 2 Bk iz
)5 16 rpy Bl b FHALIEAT B A A2 31 5 7E static $lL
T AR HIL A AL DRSS 5 TR xyz B0 A AL 3 )
W ol y A 2 Bz 3 . KIT TR 45 i — 3R 4
ML HOE TR B B R GPS/IMU il £ 4t 1) 215 1%
AT G REMDE . B MR T HA H 958
AR DL 2 A0 55 AL R M DX I L X e R A B
G2 T

4.2 KWEMIEE

AR R 48 % B iR 22 (ATE) FUA X 3% 245 % 22
(RPE)EVPAL VL 0 8 AOKS BE o 38 1~3 400128 ATE .
A H 152 22 A R i 5 1R 2%, 4% 4~6 43 il AR SO
ZA X F ORB-SLAM2 iy ATE A1 X5 1% 22 A1 X
WE R 2 B M RE AR FE . ATE B T 3FAL Ak 1 8 i 4
Jry—BobE  F T A MR AL R AR THE S B S 2 1]
B 25 AE 5 AR R 7 3835 22 T TEAG A% T 00 SRl 50 A i
ol B 108 22, B W TR B I A R () 25 0% 7 o [ £ A2
YA A [ T T () S A7 28 AR Al R B 2 (R Y 25 0
AR 22 R b R B 07 R 22 (RMSE) | i 8
(median) ,F ¥ {8 (mean) b5 #E 22 (SD) 75 R 14 35
bro M 1A RLE AR SR A TUM S8 &8 & h
) 52 7 K B A T ORB-SLAMZ2 *F- ¥ 42 F+ 97. 2%,
Feb fr3 03 TUM H i — A5l 4

#*1 TUMINATE
Tablel ATE for TUM unit: m
Sequence (:)RB*SLAMZ . Ours
RMSE Median Mean SD RMSE Median Mean SD
fr3/s/hs 0.0234 0.0170 0.0189 0.0138 0.0162 0.0128 0.0141 0.0079
r3/s/rpy 0.0223 0.0122 0.0169 0.0146 0.0180 0.0109 0.0142 0.0112
fr3/s/static 0.0095 0.0075 0.0083 0. 0046 0. 0057 0.0043 0. 0049 0. 0030
fr3/s/xyz 0. 0089 0.0071 0.0077 0.0044 0.0082 0. 0060 0.0070 0.0044
fr3/w/hs 0.5812 0. 4899 0. 4909 0.3112 0.0186 0.0149 0.0163 0. 0090
fr3/w/rpy 0. 8416 0.6353 0.7147 0. 4445 0.0320 0.0232 0.0261 0.0184
fr3/w/static 0. 3844 0. 3309 0. 3590 0.1374 0.0078 0.0063 0. 0069 0.0037
fr3/w/xyz 0. 6867 0. 5446 0.6209 0.2932 0.0145 0.0103 0.0121 0. 0081
#2 TUMBIAHR PR 22
Table 2 Relative translation error of TUM unit: m/frame
Sequence (-)RBfSLAM2 ‘ Ours
RMSE Median Mean SD RMSE Median Mean SD

fr3/s/hs 0. 0081 0.0058 0.0068 0.0045 0.0128 0. 0090 0.0106 0.0071
fr3/s/rpy 0.0132 0.0075 0.0098 0. 0089 0.0117 0.0075 0.0091 0.0073
fr3/s/static 0.0055 0.0041 0.0047 0.0028 0.0052 0. 0040 0. 0045 0.0026
fr3/s/xyz 0.0083 0.0067 0.0072 0.0042 0.0081 0. 0064 0.0070 0.0041
fr3/w/hs 0.0242 0.0133 0.0186 0.0155 0.0135 0.0091 0.0110 0.0079
fr3/w/rpy 0.0715 0.0166 0.0240 0.0674 0.0182 0.0108 0.0139 0.0117
fr3/w/static 0.0178 0.0076 0.0119 0.0132 0.0063 0.0039 0.0048 0. 0040
fr3/w/xyz 0.0372 0.0172 0.0224 0.0298 0.0123 0. 0080 0.0099 0.0074

FTRNARCE LY H AT SLAM 5B % (DS-
SLAM'"" . Dyna-SLAM'" | Detect-SLAM " il SOF-
SLAM ") xf 1, al & A SCRIEAE TUM 53 5 5
B3 22 48 e DS-SLAM /), 1 % Dyna-SLAM 1E
w-hs \w-rpy il w-xyz H 19 5 085 B 8 H — 2 iR T,
HAE w-hs . w-rpy 375 5 HhORS FE $2 THHE I 2096, A H At oF
A8 M, w-hs Il w-rpy 3 5 P AR SCHE R
4=

13,14 40 5 TUM S04 45 B9 1 3h 25 3 5 F0 s

BT EADIFH N ORB-SLAM2 FlA SO A 1110
B R EL S A R L FR 22 . X T s B
o I R AT DL AR SO A T R B S K
) L S 6 i 25 AR /0N 1 ORB-SLAM2 A 31 1 83 5
FLL MG 22 50 K . MR 22 I hon] DL H AR SCRLVE Y
BRI 22 9% SR K, T ORB-SLAM2 [ B ot 15 2 3k 5
AR, TR 22 BRI it b (19 3l 28 X3 7 R AR K, 17T 3
Pt 76 7 31 B R A o B, B ORB-SLAM2 B B
WEWE MK, ERHEG T, H T ORB-SLAM2
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Table 3 Relative rotation error of TUM unit: (°)/frame
ORB-SLAM2 Ours
Sequence - -
RMSE Median Mean SD RMSE Median Mean SD
r3/s/hs 0. 3620 0. 2626 0.3103 0. 1864 0.4095 0. 3064 0. 3508 0.2113
fr3/s/rpy 0.4097 0.2947 0. 3396 0.2291 0.4036 0.3013 0. 3443 0.2108
{r3/s/static 0. 1646 0.1204 0.1411 0. 0848 0.1638 0.1190 0.1390 0. 0867
fr3/s/xyz 0.3152 0.2354 0. 2685 0.1651 0.3134 0.2361 0. 2669 0.1643
fr3/w/hs 0.6217 0.4168 0.5034 0. 3648 0.4281 0.3002 0. 3569 0.2363
fr3/w/rpy 1.5127 0.4391 0. 5985 1.3892 0.4785 0.3219 0. 3858 0. 2829
fr3/w/static 0.3719 0. 2070 0.2729 0.2526 0. 1815 0.1288 0. 1520 0.0992
fr3/w/xyz 0.7920 0.4216 0.5210 0. 5965 0.3902 0.2354 0.2794 0.2723
ATE /m ATE /m
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K13 TUMBHIL 5% 2K (a)(b) ORB-SLAM2 #1515 2% 5 (o) (d) AR SCE Bl 5 1% 2
Fig. 13 Trajectory and error of TUM. (a) (b) Trajectory and error of ORB-SLAMZ2; (¢) (d) trajectory and error of proposed algorithm

A B A — 8 S SRR S BR A8 7, SO AR SR A A X HE ¥ 5 ORB-SLAM2. Dyna-SLAM' #il
TH A B 5 B SE B0 ) e 25 B /N VDO-SLAM ™4t %t KITTI A B 4 4 19 I3 45 5 %t
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ATE /m ATE /m
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14 — ATE
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Fig. 14 Trajectory and error of TUM. (a) (b) Trajectory and error of ORB-SLAMZ2; (¢) (d) trajectory and error of proposed algorithm

#4 TUMHK ATE¥ERESE TH %5 TUM R -8 iR 22 PEREHE TH
Table 4 TImprovement of ATE for TUM unit: % Table 5 Improvement of relative translation error for TUM
Sequence RMSE Median Mean SD unit: %
fr3/s/hs 30.8 24.4 25.1 42.9 Sequence RMSE Median Mean SD
fr3/s/rpy 19.1 10.9 16.0 23.3 r3/s/hs —57.4 —55.5 —57.3 —57.5
fr3/s/static 39.9 42.5 41.3 35.3 r3/s/rpy 11.9 0.4 7.1 18.0
r3/s/xyz 7.7 15.0 10.3 0 fr3/s/static 5.2 1.1 4.2 8.0
fr3/w/hs 96.8 97.0 96.7 97.1 r3/s/xyz 2.7 4.2 3.1 1.4
r3/w/rpy 96.2 96.3 96.3 95.9 fr3/w/hs 44.1 31.6 40. 8 49.2
fr3/w/static 98.0 98.1 98.1 97.3 fr3/w/rpy 74.6 34.8 42.0 82.7
r3/w/xyz 97.9 98.1 98.1 97.2 fr3/w/static 64.7 48.3 59.8 69.3
r3/w/xyz 66.9 53.6 55.9 75.1

o AN 2 8 7R | AR SCAA k1 A X P B 158 22 AR T ORB-
SLAM2 Fl Dyna-SLAM 435Il °F- 23k /N 12 %6 #1956 , #H
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26 TUM (A0 X e i 1% 25 M RE B 7

F7  TUM 4% 8138 RMSE X H

Table 6 Improvement of relative rotation error for TUM Table 7 Comparison of RMSE of absolute trajectory for TUM
unit: % unit: m
Sequence RMSE Median Mean SD DS- Dyna-  Detect-  SOF-
Sequence . Ours
fr3/s/hs —13.1 —16.7 —13.1 —13.3 SLAM SLAM SLAM SLAM
fr3/s/rpy 1.5 —2.2 —1.4 8.0 fr3/s/hs — 0.0170  0.0231 — 0.0162
fr3/s/static 0.5 1.2 1.5 —2.3 fr3/s/rpy — — — — 0.0180
fr3/s/xyz 0.6 —0.3 0.6 0.5 {r3/s/static 0. 0065 — — 0.0100 0.0057
fr3/w/hs 31.1 28.0 29.1 35.2 fr3/s/xyz — 0.0150  0.0201 — 0. 0082
fr3/w/rpy 68. 4 26.7 35.5 79.6 fr3/w/hs  0.0303 0.0250 0.0514 0.0290 0.0186
{r3/w/static 51.2 37.8 44.3 60.7 fr3/w/rpy  0.4442 0.0400 0.2959 0.0270 0.0320
fr3/w/xyz 50.7 44. 2 46. 4 54.3 fr3/w/static  0.0081 0.0060 — 0.0070 0.0078
fr3/w/xyz 0.0247 0.0150 0.0241 0.0180 0.0145
BT VDO-SLAM - H138/N 69 % . 4 8 i RPE £ IR -
R R 45 3% 2%, RPE 1] 4% 9 RPEt #l RPEr, RPEt % e JEEAS a0 4% 7 BT s 1) TUM 508 48 0 3 25 5, L =R i

IR - SRR B 1% 25, RPEr 6 71 - 24 40 X i 5 15 2%
HY T KIT T4 4 b Jf B 8 BN |, o 2 U i iR
JEE U0 ) 4% 3 AT Ak B DR [ A A A R R
2 PSR X KRR FEAR T Ry 5L Mo i Tl
T T 1 Bl A XA T N T R RO L AR SR
BEXF KITTI A H Es 5 5% H T 560 J7 1) 19 3 25 X
BRI Bk o fR AR 8 B W, AR SCH L 1 RMSE
I RPECAH % T X b 580k 359 080N (B 5@ A0k 2 4 T

PR 45 o0 DA R D KIT TR 4. B9 K385 1 51
s VAR RS B H AR (4250 29 08 1k A7 7 3 25 H AR
(9 7 51 (A 01 A1 09) /(4 3h 25 H AR AL & L5 b /N L B
(TUM %4 4 wh 3l 25 H b o5 BR P B8R ), ok g
$&THANWT L 5 2) AR T T 63 75 16] 09 20 285 DX IR
BEAT TR 2 11 A B0 4 5 BTGk (0 T 28 T D' 3 Wt {9 B3
5RO AT RS e TG A S B S O ARG B H A
(ELER i 0 P 25 T 6 I T 1) A4 2l 2 XIS I B 9% #)
T K R B, L 2 B SR A T8 — i

%8 KITT A Sl il 45 R X b
Table 8 Comparison of test results on KITTT dataset

ORB-SLAM2 DynaSLAM VDO-SLAM Ours
RMSE RMSE RMSE RMSE
Sequence of R(PET / R[I()F)I‘ / R;’Et / R[IZF)I‘ / R(PET / R[I:F)r / Rg)Et / R[I()F)I‘ /
m- . m- . m- . me .
ATE/ frame ') frame '] ATE / frame ') frame '] ATE/ frame ') frame '] ATE / frame ') frame ']
m m m m
00 1. 30 0.04 0.06 1.40 0.04 0.06 — 0.05 0.05 1.24 0.02 0.06
01 10. 40 0.05 0. 04 9.40 0. 05 0.04 — 0.12 0. 04 9.03 0. 05 0. 04
02 5.70 0.04 0.03 6.70 0.04 0.03 — 0.04 0.02 5.35 0.02 0.05
03 0. 60 0.07 0.04 0. 60 0.07 0.04 — 0.09 0.04 0.59 0.02 0.04
04 0. 20 0.07 0.06 0.20 0.07 0.06 — 0.11 0.05 0.17 0.02 0.03
05 0. 80 0.06 0.03 0. 80 0.06 0.03 — 0. 10 0.02 0.77 0.01 0.04
06 0. 80 0.02 0.04 0. 80 0.02 0.04 — 0.02 0.05 0.72 0.02 0.03
07 0.50 0.05 0.07 0. 50 0. 05 0.07 — — — 0.46 0.01 0.04
08 3.60 0.08 0.04 3.50 0.08 0.04 — — — 3. 19 0.03 0.05
09 3.20 0.06 0. 05 1.60 0.06 0.05 — — — 1.57 0.02 0.05
10 1. 00 0.07 0. 04 1. 20 0.07 0.04 — — — 0.96 0.01 0.05

Pl 15 i 7R oA A 3OO 45 3 1 KIT T % v 01
109 WA A7 B 2 2h 248 H An 19 )7 50 i B0k 5 R 22 1 iR
i 32 8 i AH N B HE L AR BT A F B, 01 A 09 )3 8 Y
FE RS FE PR TR B UE T A U R .
4.3 IR EXRIBITHRE

B REH R FERT NS O B, o B S RO
1144 2% F CUDA(Compute Unified Device Architecture)

ATV BINE o 6 I  0 (E FE AR A, (UM T )R
I P 2 AR O B T A Ak B i R R S R B R AR I AT
AT, W FIRIB AT BRI o R B R A R Y
Sy S5 3 0 4% MG AL T 0 265 o OR of T B e B A%
1 B G 9 1 £ R e A 8 L PR g 52 481 23 ) R 4%
IO U T0 199 2%, fiff 28 G S I 45 3 — 2B fd T
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E15 KITTIHE 58222 E . (a) KITTIO1F4] 5 (b) KITTI 09 741
Fig. 15 Trajectory and error of KITTI. (a) Sequence 01 of KITTT; (b) sequence 09 of KITTI

29 BRI AT ] FE QLR PR TE 6900 0 XY IE 1A U AR B
Table 9 Running time of each module unit: ms K3t dh oA U0 B kS BE R E v
Module Time 5 = % @
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