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Abstract

Aiming at the errors caused by dynamic objects in the robot positioning and mapping in the SLAM
system, a method of fusing camera and lidar sensor data is proposed. The DBSCAN unsupervised
clustering method is used to cluster and segment the lidar point cloud, and the segmented object
is matched with the improved 3D point cloud cluster score and the Hungarian algorithm to
achieve similar Discriminate the same object between adjacent frames and judge the motion state
of the object; by unifying the coordinates of the camera and lidar, the feature points belonging to
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the dynamic object range are filtered out to improve the accuracy of the back-end pose estimation.
The experimental results show that after the fused SLAM system, the rotation error and transla-
tion error of the robot have been significantly reduced, and the positioning accuracy and mapping
effect have been better improved.
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Table 1. Process of DBSCAN algorithm
3 1. DBSCAN E:%id#2

%% 1.DBSCAN %72
BN B n MFERRIMBAREE D = (x,x,,--,x,) : IS H(Eps, MinPts)
it HAnfFEla C

1) WL RES Q=0 , YIIRLREHER k=0, VIR RGAEAREST =D, HES C=0

2) XMT j=1,2,,n, T HEIFRHBIZE O R

a) JILBRESE Ry I FIREA x, 1 € AT REASE N (x,)

b) ﬁu%%ﬁﬂi%ﬁ\i&iﬁﬂpv((xjﬂZMinPts, FREAS x IO R FEAES: Q=0U{x }

3) MRZOLWRES Q=0 , WEIEEHR, FWENLE 4,

4) FEZOXR Qi BN ML R o, VIR UHTIERZ O RIS Q,, ={o} » WIIGHIONFF T k=k+1,
WA M T FRREASE S C, = (o) » THARVMFFEALET =T {0}

5) R M HFEZ O RFIQ,, =@, WAFTRIE C, Else e, THES C=(C,C,.,C,) » EHZOX
£2Q0=Q-C,, HBAVE],

6) 1EMTTFEAZ O RG] Q,, FHH —AMZLX R o, MBIt ARIREE S W{E Eps K HATHE Eps-S0ik A%
N(o), 2 A=N(o)NT, FEHUAHELFEALES C=CUA, FHFRGNHEAESGT=T-A, FH
Q. =0,U(ANQ)-0o, HALES.

7) EHESY: c=(C,C,,-,C,)

22. EFER. ARMAXREBNERESITE
1) ETEEEKBERAZENRS. &1 2.1 1 DBSCAN R, 133105 Wir H bx il = %
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JE X distypoq » 4 dist(C,,C} ) > dist oo BT SCOTE (C,.,C} ) =0, 0,
.\ dist(C,.C))

SCOre i, (Cl.,Cj)— - 0
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2) TR B REEES . Pl A AEiEshid s, HEmE SO S5HE AN E &t s
TR i B BAT AR SR AR, SIS0 O s R 7 [ PEVE 23 FT A R (1) 2 T B B 9P 20 Bty R )
Tt B, 5 o ABLENHE L, angle(o,0,) Fr o, o s IR, N

direction(O, C ) = {angle(o,oi ) lo,eC,i=1, 2,--~,m} 2)

direction (0,C} ) = {angle(0,0} ) |0} € C}, j =1,2,++,n} 3)

! p— j—
SCOTC;rection (Cz > Cj ) - -

T _ direction (CI, ,C! ) g - [angle (0,0,)—angle (o, 0} )J
% “)

T
4

SCOT€4; iion (Cl. .C; ) =0, if ‘angle(o, 0)- angle(o,o;. )‘ >

3) ETBOERBEN KRB BIRS. EIEEMEahdE T, WOt S &% 5 — AN R 0 AR A
BRI ) N AN 2 R AR BORAR A, BV — SR AERE SR I RO B A HIBCR I = 7. BLROL
A B R ARALLCE T LIS BRI ) RD B R PR AN i3 s AR HOARALURE RE BRI, LR A= F B BRI 9 P A
YRR PP 3 AT TSR«
min(num(Ci),num(C'.))

J

max(num(Ci ),num(C_;. ))

num (5)

score (Ci,C;) =

Zia (1), (2), B)mim BERIFAEDE 70 T 2R R PR 20 5 % H o BB JF 5 77 13 PR 20 RO SReAR,

R,
score(Cl. ,C; ) = {[1 —score,, (C,. ,C; )] *%+ score, . (C,. ,C) ) *%} *SCOIC 4 crion (Ci ,C; ) 6)
score (Cl.,CJ’, ) <1
ot score, (C,.,Cj'. ) <1 R
SCOTE i e crion (C,. ,C; ) <1
P=1,2,m;j=1,2,n
BRI 2:
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Table 2. Points cluster similarity scoring algorithm

R 2. RLEEMMEITESEE

SE 2 RS IRA L PP 2 B2
WA AEDS SR C =(C.C,,+-.C,)s C

pre_frame cur_frame

it S SAEAAPELE 5 score(C,.C))

Dfor 0,€C, in C,

re_frame

2) for 0.; S C]' in Ccuriframe
3) i dist(0,,0/ ) > dist,y g
4) score,,, (C,,CJ") =0
5) endif
.\ dist(C,C)
6) score,. (C,. , Cj) = m
7) SCOI'edisl (Clacj’) = min(num(C[)’num(C;))
max(num(Cl.),num(C]'.))
8) score(C‘., C/l. ) = (1 — SCOIC (Cz’ C/,‘ )) * % +score,,, (C"’ C/,' ) * %
9) endfor
10) endfor

=(C{,C§,---,C;):

MO R dist threshold

2.3. ET B#RFSRE 5 FIE A BAREER

& AL 80 A 5 Edmons - 1965 4R 1, FRARIIZOAET FHRIE T HAe, IR BARR
BRI ERORULES . AT AENL AL AN BB AR BRI FT b, 89 58 A SRR T kot 5 it 8] 22 A FARIK DL

Boin i, ASCEL A DBSCAN

R m B 15 2 R PP 73 T 4 g A B — 38 B R T A

B, B2 ] 4 250 R T A 0 o L 2045 A B3 4 1 BB Bt 2 I
L, M ST A 2 IR U AR . ST SO BT F 2 S, > 0(i = 1,200+ ,m3 j =1,2,0+,)
BRI EIIIES (C.Cyrer,C, ) I RIS (L, Clerr, CL) P SRUCHRIN BORUER, S50 Z, -

Z:{Lﬁ%%E%j%@m

0, SifkH% jAILAS

TN T P ) R B AT AR g«
max Z = 22122:1 Sy Zy

" Z,=1,i=12m
St Zy =1, j=12,n

®

(€))

(10)

Z,=18K0, i=1,2,,m;j=1,2,--,n

Matched (C;, C; ) = min(Cost(C,,C} )) = 1-max Z =1-3" 3" S, 7,

FERIE WA 3¢

(11
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Table 3. Matching method using Hungarian algorithm
3. &I FILEE L

=7 R B L [N = R
HIN: BRHERE Cost(C,Cp)=1-3" 3" 5,7,
Bt ULACHRE Matched(C,.C))
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a) WA —ATHEN TR, WHETPIHRFICAZRR. midizxnR RS Zn R F—F MR
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b) EF—FIMENIER, REESTRIERCNFR LR . AdZosm RS % Rw R — TR HAR TR X
HAZIPATH R 41 E

4) PAT E AL

a) WMRG—ATME—FNHEGFE — Moo ER, TR 2ERIT

b) WREDS—ATH—FED SR, WREDS AT — AR RO R), WSO A R AL
PBEPAT IR S MBIR | RO I BUARR R IR — SR BT 2 H i A AR T &, iR — 52D
1%

5) R/ ENELUESRIEE N

a) FHERASEAIT

b) 1E ShRic BT PR R AR iE BB EAT ARl

c) TECARIL I 55t RARL AT #EAT AR

d) 4k8:b)F(c), EHBHRA B RARICHIATFIF 1L

e) TERTE RARCHIAT A FmLE, B8 SIE TR RD> 2L

6) AW ELE RN BRICHATCR . FETAEREEZEN TR PRERZDNRARMLIICR, B ZE N CRB IS
XU E A AT B LR, 13208 3R e A e

7) BB 1~6 20, HEHEIREER S

8) it ULAC AR

K1 R ISR IR RC 5 B AT R WU SR ILRC RG], fEHEM o miFl o' i85, AL B. C. D #)fkid
HERE 7RO BRI R, &SI AA', BB’ CC', DD'Z A ——ILHL.

velocity velocity
(a) HI—Mi (b) i

Figure 1. Diagram of object point cloud matching in front and rear frames
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bR, EAAML, HFR S = B E AR B AT AR AR T B3-S . B, B S B A A &
FEMER, BAZS AT AHNAER R T B AR AL T8 I8 2445 2 R B AL bR v] DU S8 S oL B ik
FR) JE % N1 7% 0 P P A S 3 AR bR R e — B [F] — N ARFR R R o BEAS AR 1T BL 4y 4 e % (Rotation) . ~F#%
(Translation) 145 i (Scaling) [7] [8]:

1) K F R REEZENALIFRT .

F TR IR ALFRSE Z e 5 R AR bR

X, 1 0 0 X,
Y/ |=|0 cosa -sina|l Y, (12)
Z, 0 sina cosa || Z,

[FIBE, W kARG X, Y HhEH: 2 J5 B RR A
X, cosf 0 sinBl[X,]
Y |=| O 1 0 Y, (13)
Z, —sinf 0 cosf|| Z, |
X, [cosy -siny O|[X,]
Y/ |=|siny cosy 0]l 7Y, (14)
Z, 0 0 1] Z, |

B IF AR = AR EAS 2 AARR R A EFEHERE R,

cosacos ff —sina cos sin §
R=|sinasin fcosy+cosasiny cosacosy—sinasin fsiny —sinacos/f (15)
sinasiny +cosacos fcosy cosasin fsiny+sinacosy cosacos f

2) BT PBEREERE RSN SIRR R RES.
TV AR 2R SR AR AR bR E RO R 2 P RRR N £ =[x, p,2] EIEWLE] B AR A ALRR A 34T
HLABAR 2 N (AR FR T BLR 7R (9],

Xc Xl
i’ :{R t} g (16)
Z.| 10 1]z
1 1
i 0«
FECHMPLMASHIEK = 0 f, ¢, [BTEOLT, BAS SRz AL bR TR A ALK 2] B (R AL AR ) e 5t
0 0 1
REZVEE
u fi 0 c || X,
Z|v {0 f, oo |l Y (17
0 0 1]z

ik, WOLTEIS R W AR FR A He mT DL e e AT 3% 22 A5 B HLARAR R ABKR[10], FFA I 40T
Jr BB B . i 2, B 2(a) MR IR R 8T AR AR R ARG R A 2(b)BARHLALF R R TR
ML .
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(a) Rah i (b) BEHRBIHHLALSR & T B R s AL
Figure 2. Rendering of lidar point cloud conversion
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HIRAAT N B,y = (3o vhszhn ) ASCEAES— iR SKBLT PRI L, (ICRS, 54K P 275 AiE
&y H AR 1) R0 e 0y 5 AR IS S RS2 5 — B Ir) e BRItL, ) R A T b - A B AR B AT 8 — 4 T
FPAEN 1 RAFR IR b, BB A N2 TR ENT, , IRATRIEAE k+ 1 N ZIRALE T, o] o
WDk P S kORI K+ | WU BRI AR AT, ,, R4S, ED
T;c+1 :];CA]—;C,,C+1 (18)
FE P HARREBHOEL T, BRI P8I & 5 AL B R A e 45 B AR Rt S Ak bR &, I

i i

i
Xy Xk X1
i _ i _ i i
Pw = Vw _T}c Vi _7;(+1 Vi (19)
i i i
Zy Zk Zg+1

L 1 1 1
P=X,y,2Z
W w? S w? T
o~
SN
I’ »
/

oje, ] 2

/

v
Pﬂ

T,

k+1

Figure 3. Position relationship of the same point in adjacent frames

3. HBmFE—SHEXR
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511,k+1 =TP _I;HIP/([H’i € (I»N) o U
51i,k+1 = 7)« (Pkl _ATk,kJrlPkiH) (20)
P T AT, 6T ]ty & RS B R R R RACR AR S M BUE R R NN EAN i B A 2
i B T A 00T, DRI AT B 7 R Rk T AR

S 1 j 1 i i
5 =Wz;\;151}/,k+1 =N27:1(Pk _Pk+1) 21)
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4.2. RS

FESE 4, SRASNE 1. 20 3 SEOl ARSI R s S RIE RS, EIE 4.1 (R seBxTEsh Ytk
(I, 55 1 R 7R SRR AR LA [ AN TR IR AL S AN AR AR AR G — B G — ARAR R T, L E
SLAM A0 SLAM Rl &fe i 1 seBlig iz

HE TR RGER) SLAM R GUE I i s AHALIA B 10 1B A 3R BURAIE A5, I Ja SR B R AL R AT
TSN, FRIE R R SR U RE o Sl YR K A U S B s Tia sh i i
HIRHIE SN S, AT SRR A S BRI 22 . A RO G R 25 T IS sh R Ak bm
BEATHRIS, R BRI AL T 303 mi s T A BORHIE s 2 B P SRR, AR a0 4 1Al 4(a), T
FEH 4(b),  ZREMERT AT SR 2 AH LB A B AR AL s (2 O P B8 ) S (R W s L AT A4 3 -

i o TR LI BRES LI iy

Bikaw [ mnd [ LUK :
(@) 15 I AL (2 2 A (b) S A REEN AR A A 1207

Figure 4. Diagram of fusion flow chart and schematic
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FILAE WA 4

Table 4. Fusion algorithm
T4 MERE

I 4B
HiN: HINLRTRAAE U S = (kpy hpyore- hp, ) ¢ WORTEIE S ZHE C, = (CuCyennCy) » 1 ARFAZIIA AR F
FRiCH

Wit BLBABARIET

Dfor each points cluster Cin C;
2)judge whether C is dynamic object
3) if C is dynamic object

4) for each key point in §

5) if kp, inC

6) eliminate kp, inS
7) endif

8) endfor

9) endif

10)endfor

11)UpdatePose by new key points S

4.3. EHZRHE

XHARFLET SLAM ARG 70 VRl Jadi . [BIARI0 AT B DY A o3, A i s o0 20 t AR 9 AL it BELRE
o MLE BARTHAR AR BB & 045 AL T LS ARLIZ S, DR s SR R AT AG(E . ALSE AT
FRRI VR R B RAE, RHE s PR HAR S MO 6 IR AR A AR oA ERTT % AR $2 L
ORB L s Jm 2 id BT ik Z s SMIARHE s, BRSNS SR I T, %KM Bundle Ad-
justment G A ZEIR) RN L T =R 1] .
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A SRR B = [ XY, 2] SO B R R A, =[] AL 1 s
eSS PRI

su, = KTP. = K[R|t]P+W, (22)

W, =su —K[R|t]P (23)

fE b, TRFERERE R A ¢ RN, TR w, MILSEH 3D ki B, ZAMBAAAEEREW, . MITH
(IR ZE RN, VAT e et o) — 3 I R 4 SR AR i AR BILL A T e g o i 2 480 0 Oy R AR e I A I AL«

2
u L KTP
Si

24

T" =argmin, %Z:’Zl

T P R SEAS LI T — R BRI, U, J (x)" W e(x) e F x AU LA
e(x+Ax)ze(x)+J(x)TAx (25)
iR EFRE Y A, B,

2

Ax" =arg min,,, %“e(x)ﬂ-](x)T Ax (26)

RIERALLEAE, X Ax SR, FFLHONE, BRI
J(x)e(x)+J(x)J(x)T Ax=0 27

Hof e NEZAIRIEE, Ax FRIEIRHEATFRIEE, R\ J(x) BRRBHLOIE T 5,
Fr LK (25)H 19738 B4 il 4= A 948 ) BCH (Baker-Campbell-Hausdorff) 2 3K il :

e _ limy, e(05®¢)-e($) _ e OP" (28)
058 5& oP' 0S¢
CE N A A W VS 7 R P P’%*H*Méﬁ%?%l‘ﬁﬂﬁﬁ‘]ﬂéﬁ[X’,Y',Z’]T, 552 068 LG 3R AR AR R
AN
Su fo 0 c || X
svi=|0 f, ¢ Y’ (29)
s 0 0 1|z
u=f.—+c,
z (30)
v=fy?+cy
#i5(29). (30), QST A:
w o a) [Lo LX
Oe __|ox' oy ez'|__|Z z" 31)
oP' | ov v v o L LY
ox' oY’ oz 7 z”
5_”':@:(@)@:[1 ‘PM} (32)
008 9SF 0" 0"

4%(31)ﬁ5(32)ﬁﬂ@ﬁﬁ£é’§[1 —P’A]m%, 13RI EAEAIRZEE R T AN B A AT LU AR 117,
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Lo X _LXT X LY

KZ_ Zr Z:z Z!Z x Zr2 Zr (33)
655 0 i f;}Y’ ~ - f:vaZ f:VX'Y, f:VXr
7' Z’2 y Zr2 Z/Z VA

RIE ARG IR T, SREHRIEIE & TR A, A Ax =58, SRJE1EFHZARE T 13 2AHMLAL
BT zexp(é'g“)-T .

5. SWERS O
5.1. SCEIFERANEAER

KRG IEATHE AN Intel(R) Xeon(R) CPU E5-26902.90GHz, 16GB WAE & b, ASS2ibfd F A T ¥R
£ KITTI $2 4L A0 G RO T8 IR 203 . KITTI AR 4L T 0~3 S3t 2 X H AL G,
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Figure 5. The object point cloud in the lidar view and the object and feature point distribution in the camera view
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Table 5. Comparison of absolute position error of algorithms

5. BIRBIEITIREISEL

Bk Max Min Median Mean RMSE SSE
Merged 3.51351 0.08937 1.05532 1.13675 1.26489 7265.46068
ORB-SLAM2 3.44411 0.14402 1.06515 1.15297 1.27389 7369.12126
A-LOAM 10.0332 0.27378 3.15356 3.55423 4.12474 77258.5215

Table 6. Comparison of relative pose errors of algorithms

6. BIRMEXMIEIRENEL

Bk Max Min Median Mean RMSE SSE
Merged 0.29974 0.00060 0.01498 0.01936 0.02808 3.58077
ORB-SLAM?2 0.27703 0.00037 0.01516 0.01960 0.02822 3.61761
A-LOAM 1.19197 0.00654 1.20017 1.15572 1.21666 6720.48

6 Rl & 5% S ORB-SLAM2 H46 X B2 i 72 AR S 280 72 R FR AR AT 17 L « AL 6(b) 5 1] 6(f)
ANE 6(d) 5 o(h) Xt thr & 8L, Rl SRR DR RR s A s SR R Ja . PULE NP, AE N
K7 R Rl & A AL ORB-SLAM2 fEJied . P LR ZE 51847 RAENISATHE R S R A
T 7o) FRTEVE Y, e SRR B 112 AT AR AR T AL SR st AR 1 e e A
FRERZE AL 7o) T RUR L, Rl EE AL A Tk (40 2 B/ DR eRE IR ZE A BB
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Figure 6. Absolute trajectory error and relative pose error distribution of the two algorithms
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Figure 7. Comparison of fusion algorithm and ORB-SLAM?2 algorithm on rotation and translation
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