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Abstract: Aiming at the requirement of precision in pose recognition process of traditional SLAM
(simultaneous localization and mapping) , the reverse optical flow algorithm is added to the
front-end part of VINS—-Mono. To meet the real-time requirement of SLAM, a marginal
optimization algorithm is integrated into the back-end sliding window optimization method of
VINS-Mono, the parts excluding camera pose are marginalized firstly, and then pose parts of
cameras are marginalized, to accelerate marginalization process. And experiments are carried out
using EuRoc (European robotics challenge ) datasets. The results show that accuracy is improved
slightly by improvement strategy of the front end, and the possible reasons are analyzed. For the
improvement strategy of the back end, it is found that compared with the source code, the time
used for the marginalization of the improved algorithm is reduced by 25. 9% on average, and then
compare their trajectory accuracy. It is found that the error is controllable. Finally, it is verified
that the improved strategy for the back-end of VINS—Mono is superior in real-time performance.
Key words: state estimation method; sliding window; marginalization; real-time performance;
ROS robot simulation platform
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Ji& R IR 2 U U, 0 SR ER S A A D R R AT
LSD-SLAM(large scale direct monocular—SLAM )
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Fig. 1 Image pyramid and multilayer optical flow
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Fig. 3 Improved front-end process

T B UEAS T A el Sk i AT S
A %M, A EuRoc 5 A2 19 MH_01,MH_02,
MH_03,MH_04 VU~ [ FRRAFECE 5 s 4 01T
SCEG I UE , THAHLEC & M Ubuntul8.04, Kb FEER Ky
Intel i5-7300HQ, F 4l 24 2.50 Hz, iz 17 W 1£ 4
8 GB, FIIH - IE AL A R 58 ROS #7352 55 B iE .
H )75 H 1% 22 (root mean square error, RMSE) ff
kG BE 0 MEEAG R AR FE R R B 4 s TR
5 5 e B A B B B SO ) 5 S
X, A5 2145 H I RMSE, W3 1 iR .

F1 BRI RMSE H SR %I EE

Table 1 Experimental comparison of front-end RMSE
* RMSE
AGITE S e T XF LS5 2R /%
MH 01 0. 181302 0.179 712 0. 88
MH_02 0.182778  0.180029 1.50
MH 03 0.405 599 0.404 163 0.35
MH 04 0.393 492 0.402 433 -2.27

Wt R 1 I 2E XS L, R PG E R
Y5 MR 22 SR A L, BARERUE4E MH 01,
MH_02,MH_03 A g/, (H /D8 BEA K, i
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PEAT—URIEAR, #R s 2 H 1194 Hessian 4H [ H,
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FH I A5 21 187 1Y Hessian 55 (4 H 5 p o5&, 7]
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IMU {5 B4 B e Ao e 56 . 32 824X i 4
ferf gk 2205 BT Ak, o T s i 24k, 15k
XFBRAHAILAL 2 LA 3 i AT I G AL, SR Je % A
MU 23R4T 30 Ak . TR Ry 55 67 2284 S A R PR3 L
L NI i i BB UK ey I ST

WO A PR AR AN 2R 2 B

R T B UE AR SCHR A e Sk i T AT S
A &M, A EuRoc 040 45 i MH_01 ., MH_
02 .MH_03 . MH_04 DY™A [R] FRAIE 0 1Y B s 4
HEATSE B8 B0 AIE . £ BE A2 1 4 DB 4R Loy s 1T
DR RS A S35 % R R VL AR 2 5132 47 5
WK, REUCAE S 3 S A0 B 25 3 rp ) D e
(25 ST 4 15125 B 10 YR S Ak Bt FH B 1] 3
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Table 2 Pseudocode for marginal optimization
algorithms

PR gtk

1 localSize(parameter block sizef[it. first])>4

marg_pose_index_size<-pos,localSize
(parameter_block_size[it. first])

2 marg pose size<—marg pose sizet+localSize
(parameter block_size[it. first])

11X EE I A B B SRR A 4 B2 T id
3  m,<-m-marg_pose_size;
n,<-n+marg_pose_size;
4 for (auto iter: marg_pose index_size)
//3 JJi marg_pose_index_size [ FA TR

swap(A_reorder. block(idx,0,size,pos),

A_reorder. block (idx-+size,0,m-idx—size,pos) )

1144 row i %3 HE 0 B T T

swap (A_reorder. block (0,idx,pos,size),A_reorder.
5 block(0,idx+size,pos,m-idx-size) )

1144 col i B 34 I ) fe A T

swap(b_reorder. segment(idx,size),b_reorder.

segment(idx-+size,m-idx-size ) )

/1K b i B8 3 i) B A AR S T

6 tempA<-Arml * Amm_invl;
A<-Arrl-tempA * Amrl;
b<-brrl-tempA * bmm1;

/1] Schur {HJCi#F AT 24k

7  m,<-m-m;;n,<-n;

MatrixXd tempB=Arm * Amm_inv;

8  A=Arr-tempB * Amr;
b=brr-tempB * bmm;

IR AR AT 2 A

R3 MBALARITLE

Table 3 Comparison of marginalization time ms
ARy REling SO I
etk : :
i £ %L /MHE S INE] SRR ARk f/ME KA
MH_01 11918.92 11877.99 11 706. 68 11977.77  8550.97 8578.00 8481.91 8677.89
MH 02 9 715.99 9 738. 60 9567. 80 9931.28 7 105. 28 7059.44  6643.53 7 436.98
MH_03 9405.12 9427.55 9289. 16 9 649. 91 7257.35 7129.18 6 726. 81 7448.28
MH 04 6 812. 63 6 904. 28 6 658. 04 7311.03 5227.38 5251.68 5204.86 5318.54
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Table 4 Percentage improvement over source code %

F4 RRAEREFHIEE

G/ S v %ﬂtg%

hg CPEE RUME ROR(E
MH 01  28.26  27.78  27.55  27.55
MH_ 02  26.87  27.51 30.56  25.12
MH_03  22.84  24.38  27.58  22.82
MH_04  23.27  23.94  21.83  27.25

WA 3 MK A4 LIE I, 78 4 DB |
SRR AH L, S R T i Ak R L 7E
i 0 R S R AR TR e S S48 T B R KB R
e/ IMELFRAS B 5 R MR BE B9/, 1 B AT et 19
HGALPAC R IE P T i S A B R0%R AR AR TR %R
P4k b4y 515247 VINS U565 5 ik 553k, F Evo
(evaluation of odometry ) XJ Fb A5 H L3l SC4:, 4nf&l

Y xPhr B m

0.949
4
52
0&
{ "N
. o4
-6
0.003
Yt R Em
-2.279
6
4
12
1o g
1-2
-4 -1.147
-6
-8
-0.015

E4

4 Jr715 , B A A R0 2 n 2 0 Ll R 22 , AR
PETEHT 157 % ELSE, 15 SLAM R GEXH I A7
P9 A7 28 A T 22 ) ) 2 0L, P 3 s 1R 3
SLAM ZGERYVERE i %) P 4 JE47 7087 Al 41, 5
5 R A 4 BR AR BB R ZE AR,
Wt B 0 5 A IR B X B S T 5 ) AN S AR
KR TR R R A — P E R
B, A R 75 MR % 22 (RMSE) A Oy o 2 PP Al
FEAR R TR R Bk AT 2 A AR O A K e
£ Lasdy 5 U, HR i A B SO B SR e
L HUIE BEAT X 5% , AR AT RMSE 925
A K50 R RABL R e /MEL, R 0 R 2 1 0 7
MR Y R, 25 SR WL 5. I fE R 6 hRBL T 5
IR A 2200 F AT LE

Y EEIR IR/ m
®) 1, '1.299

40 a
1 .8
0.654
0.009
Haxt R Em
-2.576
5
0E
N
5 -1.304
-10
0.032

RSB B E AR R BIRE LT L

Fig. 4 Trajectory comparison of source code and improved algorithm in different data sets
(a)—MH _01; (b)—MH_02; (¢)—MH_03; (d)—MH_04.

*5 FinAIRMSE RIEXTEE
Table 5 Experimental comparison of back-end RMSE

) J5A5 ) RMSE WA RMSE

H SREIVE 4 - H%R /IME PN SRR T H%L /IMA SN
MH_01 0. 183 0. 183 0.182 0.183 0.177 0.177 0.176 0.177
MH_02 0.182 0. 183 0.182 0.183 0.180 0. 181 0.179 0.184
MH_03 0. 406 0. 406 0. 403 0.410 0. 406 0. 407 0. 406 0.410
MH_04 0. 393 0.397 0.392 0.414 0.394 0. 395 0.394 0.396
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Table 6 Percentage difference from source code %

Kol _ ﬁ%ﬁéﬂt

PR PSR RoME S RORE
MH 01  3.28 3.28 3.30 3.28
MH 02 1.10 1.09 1.65 -0. 55
MH_03  0.00 -0.25  -0.74 0. 00
MH 04  -0.25 0.65 -0.51 4.35

L3 5 MR 6 AT LA Y, 78 4 Rl 5 10 51
B g b, MU SR S U 1 X 7 iR 22 AR AR
FEIT , I UL AR SCHCRE ) 3 A AR SE X
A HE RS ] 47

4 4 ik

1) 7€ VINS [ s, 3500 1 396 ) e ik, A
BEINSE RS B (H 20 SEEG Y0 UF , AR R B
FEATME T BCRAS G 1) JL A

2) HFXF VINS A s (4 25028 8508 AN B 5, 7
VA S A7 10 5 s 0 Rl G, T SRk O TS i
131 A 4 AE VINS 1Y) s il 7 — Fh i 2
bl E Bk K S A SRR Ay WA 3
T GAR R EE W8> T R A7 BB [ 45
TR SER

3) A T BT SCHE A i S R A RO R A
JF 19 EuRoc 2046 4 i 47 T 555, JF 55 VINS-
Mono (RIS FEFT T X E AT . S8 28 AR 1, ol
M B i G Ak 32 17 I [R) BR R A S 3 T
25.9% , H. G435 6 G 8 R g v 4
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