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ABSTRACT

In autonomous driving systems, high-definition (HD) maps serve not only as a funda-
mental basis for vehicle self-localization and environmental perception but also as a critical
component supporting path planning and control decision-making. Compared to conven-
tional sensor-based perception, HD maps provide richer semantic information and structured
prior knowledge, significantly enhancing the robustness and safety of autonomous systems
in complex traffic environments. However, the construction of HD maps still faces numerous
challenges. On one hand, different sensors vary in terms of perception range and resistance to
interference, and relying on a single sensor often fails to meet the precision requirements of
high-quality mapping. On the other hand, the development and validation of novel mapping
algorithms require large volumes of diverse, high-quality data, while the acquisition of effec-
tive road data remains a major bottleneck due to high collection costs and the complexity of
real-world scene modeling, thus limiting the practical deployment of mapping technologies.

To address these challenges, this study participates in the development of an intelligent
data acquisition platform and proposes a simultaneous localization and mapping (SLAM)
method based on multi-source information fusion. Specifically, data from GPS, LiDAR, and
inertial measurement units (IMUs) are fused using Principal Component Analysis (PCA) to
enhance the accuracy and robustness of map construction in autonomous driving scenarios.
The main contributions of this research are as follows:

(1) A systematic review of the theoretical framework and key technologies of SLAM
systems is conducted, focusing on motion modeling, state estimation methods, and multi-
sensor data fusion principles. The complementary perception characteristics of millimeter-
wave radar and LiDAR are also thoroughly analyzed.

(2) The study is involved in building an intelligent data acquisition platform that integrates
multiple types of sensors. Based on the Ubuntu operating system and the Robot Operating
System (ROS) framework, a complete data collection, processing, and visualization pipeline
has been established. Field data were collected across multiple road segments on the Minhang
Campus of Shanghai Jiao Tong University. The research primarily contributes to the back-end

data processing module, including the handling of raw sensor data and the unified modeling
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of heterogeneous data structures.

(3) A map learning system based on the proposed fusion algorithm is developed. To
improve mapping efficiency and localization accuracy, a PCA-based mapping algorithm is
introduced and tested using the collected dataset. By fusing multi-source sensor data through
PCA, the proposed method enables sparse mapping in dynamic environments and real-time
pose estimation, thereby improving both system efficiency and mapping capability. Experi-
mental results demonstrate the practical applicability and reliability of the algorithm in real-
world scenarios.

In summary, this work presents an in-depth study on multi-sensor data fusion, mapping
algorithms, and system validation, and proposes a high-precision mapping and localization

method suitable for intelligent vehicles, with strong potential for real-world deployment.
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AR, NDT AN T B SO, 18 A AR 25 AL RS 55, (R DCRCHRS



JE 5 AL BRSBTS R 70 i 0 e e, AR R AR SO T RO E A
PR EREE A PR RRAE 9 A0 s Ao 5 B DA DA SR AL B Ak BR T A
B

SLAM Z 5t 5 i Y 5% B A 95 A0 T8 ad B A AL A UL A5 2., XS R 301 15 1 B
EPAEEH RS HEATIC AR AT . B, O PR AR AT A R
TUEPCHIE F T RS AL AR o BT VARG T B /- nl Kfleix, IR H 7
2] IF 2 A AR S AT e B — RS DA B W B 1l g AAH ¢, PRLEG RS X0 [y S 0L
HATE RN GACAL I . M POl R TR IE” BB HESS A BEA T RS AL -
Horr, 000 B B A iz S B AR AR S HATRR AR WT s eS8 B, R GE AR Hr
AR EE , AR B BB 4 B SHTE IE .

% 18 ) L2 BUL AR AL iz h i PR AR R R S 3, TR AR ME Y R IR 2 B
(Kalman Filter, KF) FZ35 7Mbb 3. ¥ 2R /R S 3 (Extended Kalman Filter,
EKF)" i i 284 T ML RGERA, 1 iR /K 2 &3 (Unscented Kalman Filter,
UKF UR I R S IMBOS B SE IR B GE T et . 24 R G sh S B AR Ltk
ST AE LIRS, B U (Particle Filter, PF) I b 5 0K sRAPIR S 5
BEATIENT, SIE N T RO . AR TR A SLAM HE S0 35 Pk e 7 5
%] 146](Fast Simultaneous Localization and Mapping, FastSLAM). Google [} Cartographer
ARG,

T AR BT AL R 3 7V 07 TR AL Sk WL I Ak Ry e 22
T I SR AR AT A R 2ZE B IBCRRAG TR, 8 TR U4 J7 Y8 A3 vy 3 A WA i 3k S D
#-h% ¢ (Levenberg-Marquardt, LM) J5¥k. BEEBATIAIEE R, R FFIRZEI
HGEIG I, FECRWRCRE TR A, dTE—hiEs ez /b ubty, R0
e i A T HAFREEE A, AT R PR AE B SR AR 2R T R R o B R
M EE )7 (Incremental Smoothing and Mapping, ISAM) W 3@ 15 [ )i 55 33 5 55 B
B, A AR A T SR R B AT HE A R T SE B L TR

2T ER A SLAM J7 VA b T LA S Spk ik, e A 3R LS 5t P i Bk
AR, PARRZ AR AIFAALE], TS ECF G KN AT g R T BT a2
BRZEERR . AT C BN E T HOCE XA H) SLAM £0K, 57k J7 =4
SENDAE BEJT T M AR R 2200 . G, S A S A moRS R B 5 SLAM. &
55, ALEHEATT M FRINFIERWTIT, T HES) HARIZ Z S bn PR 1) B ) P4t o



13 BXFBEABTSETZH

RGN E, KEARNRLHT : -8 hEiE, TENAARENIIRR
SOMIBFTE RS, HR IR A S 2 B Ul A AT T, ke B R ERSR B BE %) e
NZGEENE . BEX HE S B . 2156 s Rl G HOR J2 SLAM SBR[ A 41
BFFR B T E8k , R H AT OF S A E R A R BB AIE SCHIBIESE H AR 2155
B

B EE TR A GRORY) SLAM BRI AT R4 A SLAM [ FL A 5B 5
HURHEZR, M SLAM RGOS Sz s, H R 12K S S IO & ik
AR N HAE B B R AR, Rt — 2 R T 2 A el Al A e S S S B
i, NIRLERGEBT BUE FIE B .

BRI R BRI A KRBT AR B SGRHOEHE 15 5 2 K B E B A
BT, B G PRR% JRaeAE 2 8] 5 I ) B[R 22 03, DA BRI E SRR 2 T 5 2R
R RE A TR TR AR R S DRI Rl S 7 TR MR R R
Bk, 4t ROS RGLH T WA ARG

SRS T 6 MK APR AT A T LT B RN, XTI
AT, PGB SRR IR R IR, MR . S 5 S SR Ty
TR R GEPEREVEAT 1A 500 FEIRAIE -

FILE RS AT SO TR T 1R, THRIAAER A R, FXT
ARHIBFFT5 T T I -

10



IR KA L o 5 T EER S SR SLAM B BE

$-E ETEEBRSHEAN SLAM EihEig

2.1 SLAM g EHH
2.1.1 SLAM EfHESHrE

TE SLAM [REIF ST, R GUHKHE T I #00) & A% B i AN S L &
B FPRASHA T . E A SR, @SR E W [E R S H SR
flitte AT BB S ESEEFA TR, REEE R 2 M4 O B TR A
k.

TERL & 2 A% AR SLAM ~F-Grb, TR~ 15 12 30 i 0L 0 50 0 8 e ok ol 45
HlsA, fE u, FRABGEAENZ]  WEAGE . WTEahRHTE A= mY RS,
HA SR A 10 ERCP R B R — N A, HEeEE A S 1l (2-1).

u, = [vx Vy w]T 2-1)

SR B IRBUN (5 SRR, AERFE R 380 2, WK (2-2) Frme
LT W0 288 25300 55 0 R 5 A SR 2 (BT R RE A RS 5 0 [ o DASOGER B A, %
Y s n] B8 B 5 SR 5 B DA S 28 ) o R S R B R B

ro 6, va
= : (2-2)
ry Oy vay

A G S H AR RO R SR R RNESR-F S e S — I 2R =S A A E
Sl X T Eis sk, A i R R T B AL B AR AR I A
e L, BAERA (2-3).

T

X, = [x, v a] (2-3)

PG B I AR AL L, 0 P T X SRR A 4 R AR AR R P A
FIACELAE, WA (2-4)0 2R IR B R T I, B4 — RN
TR, B FRIUAR DA SR B SRR R AL, TSR s R ZS a  A

11



IRl S o 5 T EER S SR SLAM B BE

L1 1,1

m=|: (2-4)
L Lym

A A 2R o A St T e R T AN E P, SLAML R BB BB — A R T
JERHRAR A AT I, ek s (2-5)P:

P(xl:t’m |Z0:l’u0:t7x0) (2—5)

Horp xy, FORMEIGI 2R M ET 2] ¢ Szl , m FoRESIE A
AR RS o 2o, ZR/NAR ISR AN Z) O 21 ¢ ZRERAVLINAE L, wo.r AN IR %)
HFERIRA, xo HEHBIFILEIRE .

fti Bl Rao-Blackwellized T, fEE: TR SLAM J5ikrf, Al ik )s?
fRATE A = (2-6)P:

)

P(x1,m | 2oy, Wor, X0) = P(m | 20:t, X0:45 Z0:4) - P(X1: | Zo:t, Uoit) (2-6)

HE— 2558 1 1 2 S B A DR T B S, AT L £
A7)0

P(x1,m | 204, U04) = P(m | 204, X0:) - P(X1: | Zour> Woir) (2-7)
IR SRS A R SLAML [HLES S AN TR i ettt REE RS X0
Wl JEEIZ P A A T IR A m, o P(m | 2oy, x0.) T TEHNEEEE T
IR XA R R R v (Qitbn il WSS ), WSRO A 2 ]
FVERT R AR
SHAEBE I AE S B I M A T B PR A IR ISR, W 2B i 20 (2-8) O
/j‘\‘i

P(xyy | Zigs ) = P(Xy | X10-15 20, W) - P(X121 | 2oy Uny) (2-8)

A I E B, AR LSO A SRR I DA R SR 2-9) P

P(z, | x;,m) - P(x; | x;—y,u,) - P(X10-1 | Zie—1, Uiot)
P(z; | Z1go1, u1y)

P(x; | X121, 210 U1y) = 2-9)

12



IRl S o 5 T EER S SR SLAM B BE

TEMCHERH b, R4 A 56 B —— B M AR A SR T NIk, o b
FE SRR 2-10)5:

P(xys | zigstry) =1 P(z¢ | xe,m) - P(x; [ x,21,u,) - P(X14o1 | Zig-r,u10-1) - (2-10)

Ho np HE— T &R me-1 D FR

P(x; | x14-1) = P(x, | x,-1) (2-11)

PA_EJ2 SLAM [i) A E MR PRI 2 v (R A AR 5K, DA A E RS T BB A AT 7
WA, TR A g s S O A R IR S IR A T A 55 e A g — N SR A I
Al BRI R R G SR, FF U R AR B T 5 A

T RGN, FGizsh AR ] T 2A A TN S p O B S e
HIEASAET, T2 EAERR 1, RARNAK (2-12) Frox. d@wEILT,
P AAE eS8 R SE B B s = AN H RSBz . AR, d s sh Y
BRI, WZFE (NZEEWEh ez dem) LB Al s, Rl v
FAESE w, KAk AV A iz s i, Hh sl EiefFu = [v,w] ",

P(x; | X1, 0, — 1) (2-12)

PAZEHBKSNT- 5 01, Hoag i st 2 fe p s 2258 B - B %) ¢ DA
FAEr = o WIS Tz 8. FEBETEMERE RO, nll s LHE A5 &« + 1w
ZIMNLEE . SRMAESEPRisfTH, Joiefadils & wRIR TR ila sue 2 8es (W IMU)
IR O <1 N B R B L i 7

NTEIRRXIEATEYE, B SRS 3 5 sh TR 2 B E 0 e IR s S
VGO EREIR S 7RI 4ERE , (5 S8 Fr il s (n B ERAR R, 0% M4
M RETER I T S Uit R il T . MRz, HEIAXFERE
S BTREILIRAS RSO R A S Al . T, SO s SR s e A 1
MR AT G BN T E AT, W (2-13) FoR.

n, ~ N(O’ 0-5)
n, ~ N(0,0?2) (2-13)
ny ~ N(0,07)

13



IRl S o 5 T EER S SR SLAM B BE

FIA BRI, SR AR A (2-14):

V=v+90,

w=w+6, (2-14)

A

7:57
EZ B GIEE R EE T, s UHESAEL «+ 1 2R ERE xe+ 1 =
[xt + 1y, o |7 WOFETHE, HizshfiBRkEaX = (2-15):

Xr+1 X; —% sin(a;) — sin(a; + wAr)
Verr| = |ye| T % cos(a;) — cos(a, + wAt) (2-15)
(073 a; wAt + l’l,y

A, e FoRPEHlFFSaTE], o A0 W A SR RT- ) S B, 7 Wl A
I, LRGP G AT 5 R A, S I IS AT
e

FECVARE P SRS R P H A AR AT, KR Iz SR — i 20 ) 0
PEATRAERETT o 3P RFFREIA AT E S, E - 5 M BT L 2 S AR R T, THRF
BTE T — N2 TR —ReE A2 x R, s (2-16) .

X/ = [-x/’ y/’a/]T (2_16)

{Es -G AE BALI o) AT [ LA 2, W2 Bl A 5 2 O B x, AH ARz
2 x AHAEMBR LR R . HL, FEAE x AW Y-S o —26 K
/N e e TR VAC S ) E R AN VAT REDDEES P PVAIU L SEiE2 2 S a1 16 7/ B 1] MRS o el w2
JURTRAR, HESREL OGS ¢ = [xe, yo] T, W15 (2-17) FoR:

H _ [T + s (y — YY) (2-17)
e [+l (x — )
FERAZ r AT (2-18) 24 B 5022 [ ) BE s ol A -

r=v0 —x)?+ (v — ye)? (2-18)

FETER B PLE izt T A R A Ao W I (2-19) 15

14



IRl S o 5 T EER S SR SLAM B BE

Ao = arctan?—2 — arctan2’— yC,Aa € [-n, 7] (2-19)

X =X, Xy — X¢

Ht, FEfEBoz sl AT BRI s (2-20):

Ad =r - Aa (2-20)
BOEIB BN At , WG ZEBE o AL w 73500 (2-21) FoR:

Ad

At
e (2-21)

T
AN, A IEAEmZER N, SIABSMY AR RZE 7, s (2-22) FR:

<>
Il

>

y=a —a,—w- At (2-22)

B il A2 B DR ZE T R S i TR IR T, ARG A x, ed
u, JEISE] xR, R (2-23) PR

P | X, 0-1) = (D —v) - &(W —w) - £(9) (2-23)

Horb e() FonmiriRm s, 25 EPnd, RN 1T 20 WEFa

BB G A, AL AN AR s ) 2 5 MR P AR H AR R EA TR, DA
AT LRI & R FNGE TR BT B e R 1Y S 3R

22 RREB(NERE

BT ZARWE B ALEA A SLAM KRG B E AL & i 2 8k, It
FEHSZARPE BN RN EIRA TR G, WA BB EBE M A AR R, i,
s S AR B R R . A/ NN ORI | O R R RS s i )
M.

221 BREEZWERE
AP R P AR EBTER Y 1 2 10 2R Z AR s sk R g, HAR
30 % 300 GHz HYHLREIBL, AU AL TGS DR BRI G Z 8] o i Hom ot

15



IRl S o 5 T EER S SR SLAM B BE

AP RN RAFRYFERE Sy, BEEA BN . 55 BRRERE TR, [
HAWGRA TR TILRE S - BIIL, AL R A R A M REORE
FasE B TAEVERE, #0 2 TR RE SR, 2B AT MRS 2 A BRI

e E s P72 KR O T AR 2 RS R SR ARG Bl H A b 8
FAE e 2ROV A 2 RS BGE Z RIFAAEAHX B Bl I, il e i) r i
RO AR AT A AR RS - 24 B R Bk S, BIESRT R Rz, 4H
FRik B 25 kB, LR AR M BEAIG o 33X — [ 55 35 RGP At TR RA A B 0 B
013 11 R AS Bl H AR i) RO R B

TEAR S IR 7 T, 22K R Rtk R T A 25 % (Frequency Modulated Contin-
uous Wave, FMCW ) R o % ] Jy =i 0 A — > 18 o 0 P e Pk s e Bt 5
AR, AT SE B0 H AR B R [ b . 78 FMCW I, R SHE SR M
— ARG fo PAMEERER S HY 2P H 58 B, RS TRSUEARRR 22 I 18]y —
WT..

TEGAT, 2R TR ESHE S RHRES S A (2-24) FR:

Stransmic () = A cos (27r (fct + %2 + @0)) , te|0,T,]

< (2-24)
O ansmic (1) = 27 ( fet + X + qBO)

IR RS SR R A R A FMCW (55, Jfiad Rt R H L 1. 24
BB Hisi G, S B i, b malcR & k. Bia, A9ETS
Bl AR P TR G, AP E S, RS 5 S A B ]

TELNMEIRA I TR 2 N, S5 5-5 A5 S N AR 2 R IE E , TR
S SR fir IRREFAAE

[l e (S RBA I (2-25), Hp ¢ FRESHRNEER, KRB
PAREE
S(t-1)?

Sreceive () = KA cos (27T (fc(t -7)+

S(l ; T)2 + @0)

+ @0)) , 1t e [O, TC]
(2-25)

@receive(t) = 27[ (fC(t - T) +
PR SHENUF SRS, ISR 220G SR AL A0 (2-26):

Orvea (1) = 21 fo1 + 2787t — ST (2-26)

16



IRl S o 5 T EER S SR SLAM B BE

M B KRR AR SRR fie 5 HARHES Z MRS (2-27):
2SR 2BR

:S = — =
Jir T - T,

R, BIRRGEIRIEIR fip RAER HAR S B Z R R, 1TRAK
A (2-28):

(2-27)

cT. fir

R =
2B

(2-28)

222 MABHNERE

WOLER e —Fh 2 A b B =S ) RO BE D Y F28h (2 ke e, HAZ D O HET
JER IS R IRIN . %l m) B A A R SO kb, A O RS IR
IR B, T B AR5 B S Z IR EE R, AT S BN = 4EPRI A W R (7 B 5 45 A
PR TR, BEAh, @It 7 H AR OGS AR EE . R HIOZDA SO i iR (6
SEOTTRRAFE , WOLER X REAE X WA = 4B S TR AL I . SR HAE 2 A4 B Ao
W BERGIEAL L TS A S BRI A T I SR RE AR AR E B
L4 2% DAL A 2h 2 3 3R 58 oA ] s A% Ll 2 —

FESCER I, Ot B Rl i PRI SEHE SR R 25 R R A S A R 25 ) )
oy, ATy A R 03 Pt i Jo] B s 1) A B RO EoR, IR A3k
T A 1] A 5o 0 00 5 S ke RO 20 B T 3R DA, T DAKS B 155 1 4 i
P15 L I Z BT S R REAE AN WY B AR PP R I A ) — 4 R s R, N ERE
F P FR A O SRR

R T R B AR B sh IRE 1 s, BOLERBAE N aifFBeAR, RAH A
WIOE TRy, BMEAEARI BB A A fF MR REia T, b2, dd A
(]SS BRI 5 2 B Z T A s (R R 1 R &, RGTRE A SA [F] — W A2
MR ARIR S S BT IR AS R L AS 4 G 2R, 8 AT 3 S HE A SR ae A E AN ] IS ]
RIDLEAF S, AT S8 B SRS St s SR

POL R Rl VU BC S = R AL SR A TTHE 2R . 0GR IR AE P T 18] A 4R o
PN Tirr s FRMINZ 1 B 1 BB, W5 (2-29) RARHAE =225 1)
FRAANNBEBE, B =R R R = el i

Tk,k+l = [txaty,tzaexa ey’ 92] (2_29)

B kWb el @ AN SR X, HORFEIFTEN ta, MR OIEAHICA Tra,
FINRBOCRAE [tes ta] KA . T AT Ti B AMEAE (AT E

17



IRl S o 5 T EER S SR SLAM B BE

ta_tk

Tk a =
Tl — Tk

A Tieo FIOREWHOL A = T2 Sh AR AMeE . RE26 § A S8 B 1 S5
FEBRZAN N X

T k+1 (2-30)

X1 = Ria(Xei — th.a) (2-31)

Ht, Ria M tia 73BN Tea ORI BEREHEENIT- RS ) i
B iR ZE A 2 AT TR Ao 5 21 25 e B T PR R IR 22 0

fEXi i, Te k1) = de, Xy €E (2-32)
fu(Xei, Te k1) = du, Xiy € H (2-33)

it Levenberg-Marquardt JEZE AL A5 AT SR ARAS e 244

Tis1 = Teer + ATiiy = Tiy — (J7J + ADT D) (-Jd) (2-34)

Hrp, AHRBAT, p R, D RAMUEM, d=[de, dul” 2.

23 ZEBEMERE

ZAR AR AL A BOR R AR R T AR G R H 245 2 wloA [a] 5 B IR Bodhs
AT BB S SR G, DASE B BRI R SRR A Bl B SO T R R A
SETNRIGAE — € HEN R HEATRE G, AT A SO RS B A — B PR AR, ST R 4
eSS 5 P R BRI 5 PR TR . $ IRAE EAL B R [ JZ 2, (G ny 4 8%
TR R AT R > =R AT R RS FHEE RS SRR
B 21 i, ik =l 07 2070 AL BRUENE BRI By, DA 2 2 FELH) RS0
Ko

TERRZ R B RE v AN [ A i o ) — F AR Gab AT S 00, i R S 4y
FRARZNLHRE T EES SAlA A . %R A SR 1 22 R 35AE T KRR
JE PR B LIRS AR I SE B, MR T ISR RS 5 R S . BEAh,
MBS B T RRZ L, FE SOTRR AR, A BT 3o fh & 45 R A n] 52
Pho SR, BU2ET7 VAT AL BB A Rt , X ARG R T RE -5 S PR REDR

18



IRl S o 5 T EER S SR SLAM B BE

MUEH MU MUE R
l l l ] l l
femaet | | fomee2 femset | | femee2 femaet | | fomee2
! I l | I l
. == BT == =
HERE 2y | | jEmm j2Ry | | imEm
= e e
SiTEm L Bt S
SERE LS s o5
l * ! - ! l
. S nRIE .
(@) Bl & (o) B S © WIS

Pl 2-1 Zf&p&asmiey Ji X

TRORESK, RS B B P G — s T R Y AR R A R T
JZRWI B G TR, HEA RS2 o A5 R 2R ) Rcdls SR U A RSO R
FREX LU AR o) BT AL G, g 2P B BN AL BEARAS 21 H AR B
F R AR S RN T ERE G, FHEGR ATV IR A S AR R B AR
TR, BEREA RO D B, SRR B TR H AR B RGN AE
R TR, RGeS ok H AL R A s A T RRAE SR BBORT F AR R 51, Bl
JE XA S T TS R BT LA G P S R, SRR R A LR
PRI A BT R RN RN, BACBRRCRE S, (Hi T 7o s, wl
RE B 5 5 A FE R o

A2 IR 7 A 2 A e il & R G0 A H R g L 3 A0 T 37 5t 2t
Py BT AR Bt M5 S, (HlFHRERR, w5 2RO ScR .
TR £ U E B B i S B A S AR TR, Sl PR AT SRR AL R TR PR RE . B3R
PR A WM TPk . AR Rad AR, (AT REFERT I LA Fr & i

FESEPR I 2 AR e i S kb, BT DI i T B RAAR) T . R
IR UEPANEN —FhE I B RS AT AL, BB ™8, THRECREK R B R
ORI, ROR S B R TE I DUR T MRS, XA EAESL R i 2] 78RR
Hl, FRARIEZ R SMALE T, REAEERI AR IERE. T e lioX — R,
PR IR SUEWANTCIE R IR S P& B AF AL NENE P IANLIB AL . X287 IR RS Ab 2L
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IRl S o 5 T EER S SR SLAM B BE

HIRIRIARLRIERSE, W5k | 2L IR I A E R P st Y ROCR . B TSR R
IRGPEPTTESS, AR I T H T N L RRIRL G A, BRI HERLAN AL
MM 252 X STy VA T I B REAL A HE R AN S ST AL E— R T T 2 AR R R S
HERR I A AR 1

RIORZ MDA IR Z B G P — Rl R, HEARAEE TR T RASR 5.
RORASHEATHON , Rl A S ISR, 8 AL ) S RS 24 AR S B e Ut T
FEADEB AR AR 7 A A SRR IR TS AR . AETUERTY, ARG L%l
HRESAR BT Y BDIRAS, TR AN D22 07 225 B, TERIERT B, K
MRS SRR LM HEA T HEX , AR 2K SR AT 4 R VAT 1, IR A B Ak
FRRPRS S o T IR RIS T8 R Ml RS BT TR I, R E T2k
PSS ARG I 2 BUEAE R RS L5

k I 20 A R GRS T BRI 7 A S 2y X (2-35) . X (2-36) Fim:

Xp = AXk_1 + Buy + wy, (2—35)

z;, = Hx; + v, (2—36)

Hoofrs -xer KIZURGURTSFTRE - Ac REEERERIRE - B: bl ABIRE - ue: fi
- wee ROCRTERR - 2 W - e BRI - vi: RS
BRI (2-37) B

%7 = A% + Buy (2-37)
Py 220 (2-38)

P, =AP,_ A" +Q (2-38)

K, =P,H' (HP;H" + R)™' (2-39)

REEF W (2-40) FiR:

X = X + Ky (z — HXY) (2-40)

20



h
&
I
&
T
s
1
E\
&
St
%
i

o ETERRS RN SLAM E RS

M ZEd s (2-41) FiR:
P, = (I1- K,H)P; (2-41)

VIR IR R LT T T IR R GRS TR 7, Hzo B
FET I — B 2= 00 R G AF SRR A EA T 2 PEale (B, AT F R A6 Ay T e
G R IR SUEPTTEAL P B

AELAERS TR A s (2-42) . 50 (2-43):

Xk = f(Xpo1, Ug) + Wy (2-42)

Z, = h(Xk) + Vg (2—43)

MR (2-44). X (245) Fow:

f(lz = f(f(k_l, llk) (2—44)

P]; = Fk—IPk—1F£_1 + Q (2—45)

Hor Froy @ XPIRSFERE R B TIRESH WS (FERT FLAERE ) .
FIREMa =R (2-46) W5

K = P H] (H,P;H] +R)™' (2-46)
RESEF R (2-47) PR
R = & + K (2 — h(XD)) (2-47)
W 2E BN (2-48)
P, = (I - KH,)P; (2-48)

Horfr, Hy S@ VLI R %5 b RPARES ) R 52, S n] FE R R

P REARIRE DR BB RS RIR IR B R AR PR Ry, LA T XHEL
PRACIA BB, PRI 2 B AR 2 AL A E B R G, Oy A B
HEARG SR EETRZ —,
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By N =22 (VA = BT EEBRAHEERSE T SRR

B=

3.1 #AEIX SLAM

3.1.1 2D SLAM

ETFEERMSHEBRRE R ITSREANARE

¢ SLAM 43>k 2D SLAM i1 3D SLAM, £:4if) 2D SLAM 5.:4 Gmapping,
Hector, Karto #1 Cartographer 45, X} unZEfrn3-1.

#é 3-1 i 2D SLAM 553k IR %550 B

Gmapping  IIRGCHIHAERAL, A FERMEHRE IR E &N T /R SRSy
BT AR VT 5 SURIETE, HXTHEARTRE MR 5
JEERSHR s , Bz A ER A
e
Hector TeH U AR F BT XEOCER RA R W SE B AR P Y
T, ST SRR el
:FA.
Karto iR/ RIE AL Rk, I & TR IE S E SRR
BIaRe, SRl SRR JFEERES
Cartographer  HLgg PHERGIALE], 7l MAFAIAL BG5S M G T2 MM NS, &
MBI RiTRE B, BAOTRERER ARGRIZALEE

HoHr, Cartographer j2—#Fj i Google Jf & & T B 4L EAH K SLAM 55k, H
REARBUAL W] 4] S A 5 e PR . AR R ER 7Y, ARG SO R ik

R @ s, A R S A HLE 2 R VTR R &R, R SR
AR AT T N 2S5 a6 53 AT PRI ER A DAL, 38 3 po Ak g s
WS T HE Z B AR K FR B2 4 T P BRI A HE R 1 4 JRy T ) — B
PEWT . BRI RN R3 -2

1E ROS -5 11, Stage @M T ZFEIME AT E LR, e THHU
IRl Jﬁtﬂ%]\%?ﬁﬁﬁ BTG A ST Stage FREE, %t Cartographer BRI TR
AESLR . \ht, HFoe s EENRIGECE . P Y e 2 e S / bashre,
1B e H Y ROS_MASTER_URI PAVCEC M ml EALIE, FR B G rblas AZe8Y
2% BASE_TYPE #57%F°& “NanoCar”., SEEMNIG, A7 C/EH- 4T source /.bashre
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# 3-2 Cartographer %k fe

Algorithm: Cartographer

Input: SD - sensor data, I - initial_pose
Output: M - map, T - estimating trajectory

BEGIN

Initialize M, S, T = [I];

Start_sensors();

While true:
SD = Get_sensor_data();
S = Preprocess_data(SD);
M, T = Local_slam(S, M, T);
M, T = Global_slam(M, T);
Publish_results(M, T);

10: END

D AT AT o O

Pl 3-1 stage_mapping

1T 2 DASHC B A R0

Mo, X &R SeHY launch SCA-FTAH R R %&, B+ <param name="/use_sim_time” %
B rue DUS OB RIEE . A ZSEACH false, MIFIR RGER AESEHLAS A
(RIS TR FEHE 12 AT . W L 58 Y launch SCIFJF3) Stage fFE RS G, Ui E S
R EWLES NTEF EAE i R S iz shid A .

i I P B 56 Y launch U5 3]y Cartographer 535 %%Eﬂi_/\i_l@‘bﬁ%, IEJ
I T LR rviz DU R SEi @ AR, O 7 Se B BV ARz shizddl, iz
T4 rosrun teleop_twist_keyboard teleop_twist_keyboard.py VA5 sh 8 i&ds 7 S . 8
A A, PR R SRS 2 B IS ANTE D AR R 3, AT S IO 477 55 1) 4
[, HB DA e B e, AnEI3-1 T s .

PRSI A5 R FM], Cartographer FEVATEHY I HEA HERE 5 BZh 5 TR L
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IR KA L = BT EEBRAHEERSE T SRR

BbrrEfe. Hald 5 ARG MALHAA R L T RITRE, N R AT 1
FIDCARAL R, AT SR B4R T T BEAR A e S R PPRG B o SR, R TR A 1A s P SR
T YV, JCIRSE R R = AE S A SER . Ah, B TR OO ER R BRI
B, HIAGEEAR, SEAESIMTRE RIS AERATE X, HERREETIZIR .
PRI, o S8 DR = s 1) B oy 4=t (9 JROR 5 B, (37 15 B — 430t SLAM $2R
PR I =L I, DA R S R EREE T B oK

3.1.2 3D SLAM

HTH UL =4k SLAM J7 VA £ 2 A0HEELT 4011 SegMatch 55 SegMap 54k, DA
R MR 5% 58 5 ) LOAM &5 5%, 11 LOAM. A-LOAM 5 LeGO-LOAM %5, HH,
SegMatch VAR A B RAR W R 40 AU KA BR : R mi o H). FPEfE S PR 4
F R B VEBC A B WAl — Btk . FE IR b, SegMap SyA#E—2 9 o AR
e, TN R R FRtEgmi . R BVLie. JUAgs ubAn s SUE BRI S 3 R .
X PRI VEI R T PAZE IR0 EIAZ DY 3D 1 2 R 5l g

FHEEZ T, LOAM K AT AR HRAS IR ] 5% S K 3 1) 07 AT = 4837 SR - A
1 LOAM FEyAMES t DU RS0 M BOGHRIE ARG BRI AT MG TE, A
PR o, RSO BRSO A AN R AR A% O I e

LeGo-LOAM HA & — R B0 Er ik AR T B A E ) e A 7 58, R4
FEXTHUTEIA B HEA T T A0 FHEE T1% 5011 LOAM J33% , LeGo-LOAM YE4 = 11434
AT AL DT AT T R E . AR R UM R, 2 il R s oL
FREHEE . B35 AR DA S E A 2 . LeGo-LOAM By LA TAERAE R T43-3,

A5 F ] Ubuntu 18.04 #:4/E £ 48 Fi1 ROS Melodic Jit4s, 4t Ceres Solver 2.0.0
FMIPCL 1.8.1 £, JFJE T 2T LeGO-SLAM Bk # B Hid 2. 158, £SAE Ubuntu
18.04 IABE N4 E T I fR I/ TAAL, FH/1 ROS Melodic #4744 AL P 5 i
5. TEULELRE L, Ceres Solver 2.0.0 # W H T AL F = ¥ AE et i/ N — T a1, 1M
PCL 1.8.1 WM T-AL B G BN SE IR AR . il FaR TR EIVER, IhE A
GRS T R b E R S A . B, HESSRMEZ-20R, BR THERTE
B AR R b AR EERUR
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#¢ 3-3 LeGo-LOAM Algorithm Flow

Algorithm: LeGo-LOAM

Input: L,,,, - low-frequency lidar data, Ly, - high-frequency lidar data, / - initial_pose
Output: M - map, T - estimated trajectory

BEGIN
Initialize M, T = [I];
While true:

Liow, Lpign = Get_sensor_data();

1

2

3

4

5: Extract_features(Liow, Lnign);
6 For each scan:

7 Fiow = Extract_low_features(Ljoy);

8 Fhign = Extract_high_features(Lpgn);
9

Piow = Scan_matching(Fio, T);

10: Phign = Scan_matching (Fpign, T);
11: Update_pose(Piow, Phrign);
12: T =T+ Phign;

13: M = Map_update(M, Fio\y, Frign);
14: Optimize_global(M, T);

15: Publish_results(M, T);

16: END

P¢l 3-2 LeGo_mapping
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3 " BEREA
HHES
= > EEEIA

Bl 3-3 sfi] ln] 2B i i

3.2 Lidar/Radar g &£
321 HhigR#E

AN )AL St ELAG A T 1) fl 0 A% B R, A () 4 fil 2 Wy 2 S B3O [ £ J
fr R TE R AR R RS, S BRI TR, &3 AP EIEL
5 TOVE W P A AR B B B) , SXHE i SR A 3 b 2 e 4b Ry 2 ) ) fm B
T 5 M SR B o M B ARHIT SR R A W) 20 SR RIS G vk, Sz KRR A
MEOCER BRI R . B9, K GNSS Bt A2 KB A IBOLE Rl #s
JE I R KRS, il oK IR A SO ER IR R B, SEIAL RS A ] 25
AT T 6% T A2 e ) LAt A W 5 SR R 2 B [ B o SR, 509 A A% Jeegts 2 1 38
PIALB A 2 R (2%, SR ih A% B AR LE AR W] Z S B B AE , ZR 4038 5 PE L AH
SR, SRR IR I, A I SE B A 1] 25 R R 55« 1 A A AR A
A TRANE 3-3 FiR.

322 MABENEXRREZMERE

Lidar/Radar i 5845 ROS AT B HEA T T A 5% . REGUESeHI ] EKF
B XHEOG R A AN 2 KR R AR Y IR A 2E AT R A A AR AL A B . AR i3
TR A AL BB 0B B WL B B

P RER IR Z IR P IEMIAZ L I HR L X HE R R G A AT et A, A
R HAFLAL i & R /R S B PHE SR B T 0. BRI, EKF 15 56 28 ) 24k
JRITRTAR LA R AT — Br AR BE K5 R GE 0 AR LS AT AR AU I 5 AR B
NRIER . AEBURERE b, Gl A Aok B A L AR OIS, R ARG SR Ty
X, WRGERREHATEBIEN T B—Y0R U, EKF MR 24 i Ay SRS 5 58
BRULIMEZ (B 1122, B TRHEEN RGERESRIALTT, AT SE BURS B ARAS AT %07
BEHAET, LB RARRIER S, Hld LR EoR, KIAREIER 21 5h
SIS R A RAPIRSAETT, T2 T2 2K B ah il 5 2 4 Bde il & 1 .
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Raw
Measurement

is_initialized ==
false?

Prediction Initialization

Lidar Radar
Sensor Type

KFUpating EKFUpading

3-4 POEHIBEHEE R BR E R Tk R P

FESEERR A, O TE 5 S TR B ARG A P B B, T2 oK U TR A R )
b, A B AR A R . FERGENE R BUL R BRI, RGERIP IR
SPIACERE. BRI, 4R e EIHOCH BE B, R A m 2R
ASAGTHRATTIUI , AR 24 HUEI 25 SRR AS 1) AT A IE A TT R B A 220 4 e £
TSR B, M2 KSR EIAR, RE AL BRI A RS
FIEAT B ARAS T, 485 A 22 K B TR A LI SRS AT BB 1, B IRAR
PR IE FPIR S THE.

AT RO FE T 5 2 Kk B IR R AR KR B IR S R S A A B SEER T AR R
R HEEL A, (8 RGNS SRS R SC IR SE . S RS AT . B Ry
BRI 34 R .

1E5E I EKF RIS B G . R40E ROS T 0T FIBOG R 2 K &L
[ . EKF 55035 S0 i b A JF Bl &5 0k B 2 G AR, DASE BN () 44 %
E B SGA R FFETAG T, At RE g, FFEX LeGO-LOAM 3% fAH 3¢ il B
HATIERL . B EBAIATT B 5 =16k velodyne_points, HALfRZ frame_id 5
ok velodyne , R A ZIAE B0 44 Bk 55 A 2 ATE LR &5 S 8kt « TRIIE, R
A BB IEAL, FFH WY pel:PointXYZI point 4%, PAILHL LeGO-LOAM 4b
PR i A EER

£ LeGO-LOAM #EH T JE s 71 52 AT AL IS, RG0S5 Rl & )5 10 S = i i
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Ao BB, PR RE R ST A 20 Bl A AL PR S 0L S 2ok I E A S
LeGO-LOAM fZIGX St Ak J5 8, TR T iase iz K . B85 Refih
HIiZ1T .
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FNE HHEtENHERRSHELE

41 SCHEIERS
411 BERKEFEHEE

H1 T AR SCHT B B Gt 2 201 B 22 B, 445 () Iy B4 e b BE 7
AT, RaRE. EBRE. BT HII S B 2B E AL A S = B S i 2
fE. 4D H EHREHMARGEWAZ OAZ — 218 W) B 32 B H B R AE S A
G o AWFFORM AR ZBIRE -G WEFTR4-1, 2 b = IR T A
4D AR RIS BBk BOGHE KPS GNSS SR HL AT, AEs SC AL s B
ST BT AL , I 8 20 TaspL e sl g B Ae N AT 55, S Ak
i) B SR AR .

1) &k $dREFEEE T 8 & Continental ARS548 Sl 2 K R 1k,
BRIAEA 120 EAZERE, JFRALUG B EE, 258 T HAREFEE (Objects)
Kl fE e (Detection) FFRIN, DASEBLRIARBERYERELIEAIRE

2) WOtEL: BOLEIREYE R T Innovuasion [ [E AHOGES I 1E A 1 B 23 [H]
SRR RS . 12 AL R B A% 120 BERURLIZIEIE , RERETEAR OR 52023 45 A0 1 [ o P Ak vy 2%
I EREER A B RR L, WEE R ARE IS T IR TR K

3) $Bk: TRl b, RGe%kH] SenSing Intelligence ) 8 jiiE 800 J7
& YUV FHVLFES, i GMSL (Gigabit Multimedia Serial Link) 553 8247105

5

Pl 4-1 BB R AT
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Pl 4-2 IR ¥ s kel

M AR S B kS BERE R g st R] [R] 25 . AHALRES B 4 & 120° ) MAAENLYS 4 & 60° HiLfA
FIML, A B G R R 360° &G, AR RS 2 AL g
A 5 IR TS

4) GNSS: GNSS b Fr2 i L2 SRS ME, ©4Edk=} (BDS) B1/B2/B3,
GPS L1/L2/L5, GLONASS L1/L2, Galileo E1/ESa/ESb, PAJ: QZSS L1/L2/L5, %Kitk
M TRHE ROS RGEHTE], MM LA AL R (B iU iR [F]25, SR 2 JR AR Al & 1
A 5 — 2

A 78 T 1 ) A 7 L AN 42 R

4.1.2 FIBEFREINE

FEXT R A AR SR AU, FRNTHE Sl R BT X R A) 25 i Bt R 4R T
PEANETT 7R o« SRR 0 S T o0 B 2 B Kk, DARGEMEIT R R AR S 38
A PR 7 1 22 REALN 25 B SRR AR PF . IR 43 s st PR R SR 1) =3 53¢
WIFHIE. T, 20 B A (AT EREsI ) MEBEFZ M.
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(a) HLE AR A R it (b) HLBE R HEEF (c) HLBER i
Pl 4-3 Bkt

BARREN AR WA, o NG AT AN T i 2R B A T,
n] DA BE F %2R A ST BT REEH T -

42 BiE&SH

PRt % ity DA AE — o BR ], BImG s R 2R S, i 2SR i s
PR G BBRE K, DA EER S T ARG . R AR B SR & A B 3l
BRI, AR T —EE AW EBIES, TR B ERE. BotEA.
GNSS. &gk, IMU S5 Bi i) JUIR R, (R OSSR EWPIRESFIRA G E . 45
PA RawData T2 A 1, SR %5 8 EH S W, BA RiFpy s
Rtk BURE5HPA RawData %05, BEA=MEE L@ EdE (SensorData) |
A TIRZS (VehiclePhaseData) . #1455 . (EnvironmentData) . H:# SensorData
MG E, URAE G AR BR B IRER T ORI EE (RadarData) . J0GES
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RawData
&RawDatalD;
VehiclePhaseData int sensorType;
SensorData
&VehicleDatalD: | SensorData sData; [——*
int yehiclelD; - &SensorDatalD;
int vehicleTypelD; IVehcheF’haseDala yData | int sensorType;
int gear; _ int MetadatalD;
float velocity: [EnvironmentData eData; | TimeStamp time;
float steering;

EnvironmentData

&EnvironmentDatalD;
int dayOrNight;
int weather;
string location;

Pel 4-5 Bhi&ikns bl

K% (LidarData) . #HMLEE (CameraData) il GNSS %4#: (GNSSData) 5 IMU %%
it (IMUData) . £F%MG%50E, & 7@ TIEL b5 A M gdg, MET
MBI TR , 1% AR AR T R AR A AL BRI RE 0 T SE B S . B R 45
AN E4-5 R .

4.2.1 RawData

45441k RawData FEH BT HFIA T 7Bl sensorType, T HRiH Y& sl
i (sData) FrxfRziy R ML RER2RAL, BllNEEik (Radar). #OGEL (Lidar). £
%3 (Camera), GNSS st I (IMU). %7 Bl W ETHERAGE XL,
TR R 20, ITHE RSB @ AT sData If, AIK#E sensorType HIHUE
A FA N AR AL LR A . WSRBOTESE PSR I LY i[RI, 958 7R [)
PRI, SR 7 ARG AT RIS R

sData FB2— 1 ZEXER, £ SensorData, HIRAEIARIEA R 112 142w
USRI 454 . 140 RadarData £74# 75 55K &4, LidarData £724# s =i,
GNSSData £ & BB 5 FATEAESE . AFBITH X RPR S ZEHH, RGETRA
TEABSFEA PR T, SEREBES I e 2R AL, -7 T BRI m a8
S 4E
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BEAh, & 4% RawData SEHCER R G — IS 20 B PR BN ER IR (snapshot ), BT
ZITEIRES . AR SR — 26 j s 9 %) . SensorData HH {574 4t —HY TimeStamp
7B, 2> RawData SLHITERS[A] BRI — R AZELERY . A AR AdEil, s
S 2R AV BRI . AL S IR R AR (3 T R A A SR

4.2.2 SensorData

NG PRI 2 AL R REE M5 ., BT T SensorData ##ia2ity, T
BIRER B AN RIS IAL G A I e DL RSt S HAT G TR B o RS SR 7 B
SensorDataID: ME—FRiREE— AL ER AT, T EdRRG I8

sensorType: HEAUMZE(E, M TARR e (NERk. BOLEL. WIEH
PLAE), PASCRR Bl i e —Ab B

MetadataID: RERTCEURASME , T8 %8 Y A s 240 (Ui 2Ls
REEHA . WA, LR BT SOREK

time: WTAJEE ., ICRBIERAERIERIN ], SO 2 IR A I R] (7] 22 5 HER
UL

1113 Ay 5 2 22 5 e P A TR BR O AL BT SR, AR SO 48 2R Sl R AR AR B Kl
GERIEAT T AR SR AL R B 4 A 2 e T Y BRI X Y
HOPUMINEY SN

% 41 BRI BN B R

e B ik

RadarData RadarRADTensor TEIREK I, A A
LidarData  LidarPointcloudFrame gz, =4 ABHn{sEE
GNSSData GnssPos / GroundTruth 2453 5% i =i/ &
IMUData  roll/pitch/yaw AR AR S INERE AR S

4.2.3 VehiclePhaseData

VehiclePhaseData %514 H T FRR E AR € i RS s PIRESE R . KB
A% (vehicleID) . %A (vehicleTypelD) . 44 (gear) . {7
(velocity) PAK T #k%6f (steering) o XE5HH BT 20 i S AT MEHIE, 3£
FEXT 2 o B i HURES B AT A T, R PR AL s sl 2R S ) B AR
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4.2.4 EnvironmentData

EnvironmentData 514 ] 10 5% 15 BN A R AR I By AL R3340 O R SCfR R,
VER R GEAE AL IR 2 G A% AR AN i () B B B A i . L B B AU

dayOrNight: ERCRASFRE, 5 DA R B2 (E 3R YRR BUE T H R
B[R] o 178 B0 T IR 2R G0 P ) MR e R L 4[] 5 ik [ B it R BOG R B R =
JEMR LRI G BB, A B TR THS A AR R BRARE  rE .

weather: RAUIRAHR IR, 5T BHEIRER/RAR R (. 1. W,
. FH). HESEREARIIE A T REEHEZES, SlnNs RSB
WO IS AR, 555 RAR S ARG L, PRHCERR 10 5% R AR R T I 25
HAIZ A RE 1) BRI Ry

location: 155 24 £ SR AL I ()t B DI B 2R 28, 4 “IRTTIE RS . ‘T
B, “BEEADY, “INXIIE” . AFEHEEASEN R0 7 s a5 B e R
M, BES2 W EAR R RS SR T, @G ARIENE X,
BT AE N 255 M B Bk A 7 DX 2 S i ASE, AT PHJE o Sy i) Xt [ e ) 52
AR .

EnvironmentData SN BRI RGBT F 5 W L FSUE R, HAHRAT
B R 2 AL AR R S S IE B, SCRPEEOPRRE R JGIREMUE 2514 T 1
RELAL S SR RS . [, B SS Ttk 5 2T R dittek & iV 2% 2] (Domain Adap-
tation) . 2544 (3458 (Conditional Augmentation) ZERF5Y TAEFEAE T X a AL .

4.3 BIELEBTRERE

T A BRI, R P (1) e BidE (SensorData), RIE.
e MBI R AR & B s R R B o 08 3 2 M ZE % SR S R A R e A Y
R EE. (2) EaA%dE (RawData) |, EIFERE O HE AL PRI BEZ BT EE , 1
RIATHEMB S BEELF LA, (3) JHAE (OriginalData), RIZid—EREE
AP BEA Rt , S TR, (AR TR R R . XL TAL PAL A S
XA BRI AR, PAGEE S AT AL B . (4) Jofidls (MetaData)
BT REA SR E L, BINERE AR IR IR REA Ko 15 5e U 1) [R] 2 2 401

XTI RAG R, BT 6 G A PR o S a4 (RawData) fALRH
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Raw Data

‘ Data.h5 ‘ ‘E nnnnnnnnn t.json ‘ ‘ VehicleMeta.json

Module:
raw2original

iy VehiclePeriod.json Adress

i

sqILa.beI LabelData in mySQL

Pel 4-6 Bl abPl i P

WEA-6T7R . AR A AL 32 20 ST HOT AT 76 T Data.hS SO 25
R EdE, G2 KBEE. BotEE. B5%k. IMU. GNSS DAK -4 il KI5k
B (CAN) fF5%BHMEE, FEE5AFE0#T Environment. json [R5 SCE B A
VehicleMeta.json H ) ZE 4B e B (5 B o ARERE I )5 S AT HE 2R 6 JR R Bt ik A 7 45
FACEREL, SR XEER, NEMEdRm G . BRI ST A LR S

TR FRIL . WOLTR R SRS R S A BRI B R, AR
SN S SR, TR ATH M)A 8 SRR AL IR | RGN FiR =K%k
FRBHE R AL ST AL BE 5. AT X IMU, GNSS K CAN {55 250 Sl X
/NGRS, Bt—H calculateVPeriod BRI TRRNT . AR T TT F IR B Tl
AbFR, TR AR H Z2 YRR TR A I8 5 I — B BT ST 45, DABRIIE R S8k A F ]
ARG

RN ITREH | sqlLabel #EHe 7 57 48 OF4EPERAR SR R, [P AL P 5¢
AR IRE I S AR BT e, I — B S SQL i . REHh
RS ELME— Mkl 1D, SEIR R H0E 5 A A R ) — BB B 5 SRS i
2, FrA T SRS BB, AR A AR IR B IS . WOLERS . R RE
i X ZEREAT R R, S DARRUEARAS A7 2 MySQL $5Hf v o B AN AU AR
B TR BRI PR R, RSB R BRI S Ak TR
TR, SEEL T A VR AT S B A P A LSl 5 R R
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FhE BEESBRSHESEHR

51 Z4#HWmiiEthERE

HSEMH B X&) SparseGrid3D (MyCell) BUEMibE =4k 5 Jatibas i k< I
ItaAL . B BT — > MyCell SEB, & — BN num, FoRIZMETHY
G, R log-odds i

{11 € XL &4y SparseGrid3D (MyCell) SR A4 2 — A B =2k 5 P A% 1], o
BAMHE BT ZE My Cell 205, A& — M@ num, I FCR% HICH 1) log-odds
SE RS

Hu PR RF i 22 grid_limit = [100, 200, 200] #eE, 7R Z, X, Y =AJ5 )
PR B B LT LB heart = grid_limit/ 2, FHFRF 5K B 2 6] AR AR 21 BT 25

T log-odds Z/RIAH , — A EICHE Y S APIRS A BOE 277k, Ho B 12 i
i, JeRUE log-odds HUHTERI (-50, 50):

log_odds = log (%)
-p

Hrpr p iz AR

HiPE RSB grid_limit = [100, 200, 200] $§5E, 4N Z. X,
Y A BB SR
grid_limit

2

WIEAL )G , M HDFS SC i B = 4H e 55 R 8 1idar0, 1lidarl, lidar2,
i read_data_from_hdfS pECSCEL, BB & = 4E S AR

R RAR I 25 (B 1 Ry, X 1idarl Hl 1idar2 #4748 X Bl £120° 14k
PS4

heart =

1 0 0
R.(6) =|0 cos® —sind

0 sinf cos@

=21 5 = 84% (measurements(, measurements 1, measurements2 ) /A np.vstack K44
LA B th G55 R M3 02, TR oo D& 8 it binary_bayes_fi
lter_update PRECEHMHBHIE . HE R MEOCA (x,y, 2) BURE|HIE RS -
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(Xidx» Yids» Zidx) = L(x,y,2) + heart|
FHARE D30 B0 5 ARSI T 5 -
log_odds += log (L)
I=p

Hrr p = 0.7 FoRWilay b 5 A ROEER . BIKEUS, FF log-odds 4 i AR
B
B 1
1 + exp(—log_odds)
I M RAFAE = 4E 50 outputdata Y, HI TR RS, HFHE output
P 3| i ad LS, SPRINES-17, aTPAE S a5 X s s o0

10

P

Occupancy Grid Map Iteration 0

1.0

125

ZZZZZZ

0.0
0.0 0 25 50 75 100 125 150 175

(@ (b)
Pel 5-1 Hilbes el e P 5 1

-SRI R AR 7 500 LU T A 52
52 iz PCA QpEBEFEN
N AR GUHFER B B2 B AL R AN BE R, AR SCER Pl T AL

Gro3Mr (PCA). ARIEEAIRZE B ENLRIRIHEZE, RARmRARmIE (5-2) Frs. #fe
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10

2D Contours at Threshold 0.9

Grid Values

50 75 100 125 150 175
X-axis

Pel 52 Bl e Pel 1 20

BREEAE MK R 2 PG R e P S BB AN S PR £ IR, S RSB A
SEPEFINRAY, PEMSEP I . WA iR 2255 D SR N Al S B

ARG E M ARESTRSI B R, BBl =R, GPS i, #Hot
HiER s (LiDAR). gy (MPC) fERALESNSEET . hT RIS Ea e
FHETUAR 8, EAEBEERRIME, NI T i (PCA) dEATIE4E 57
fEfiie, FEH B RAER R AR IR N, K R o R gE s, ST
BB DR AR BRI SR, DAR Il D i ia S A PR A A i H B

¢ 5-1 Pseudocode for PCA

>

rmb

Step Operation
Input Data matrix X € R™smoies*Meavrss number of principal components N
1. Centering Compute mean vector y = % o X

Center the data: Xcepterea = X — U
2. Covariance Matrix Calculate covariance matrix C = —X ;merechemered
3. Eigen Decomposition Compute eigenvalues A and eigenvectors V of covariance matrix C
4. Sorting and Selection ~ Sort eigenvalues A in descending order and select the top N eigenvectors Vieiected
5. Data Projection Project data: Xpca = Xcentered * Vselected

Output Transformed data Xpcs € Rsmpies<N

(Optional) Eigenvectors Viceq and eigenvalues A

PCA s R v 2 A2 A Rt e 4 2 F 200 2 10 3 MRSy 1), AEPR B e KT 22
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GPS Tire Pressure
Lidar

Camera Yaw Angle
Radar ——| PCA >

IMU Mounting Posion

Sensor Bias

Kl 5-3 PCA [&4ik

SN [ P D B B o 305 I B S S i R T S AR AN R A %
&%@i,m% AU AT . RN SRR EL RS, IEFTRS-3,

AHFE 9] 5 n_components=2, YIRS AEUERS, W AR E] PCA AR E L 1]
P AWHEIE , 380 A AL O B 45 R AN B S4B -

& -4 g
a, th'*‘. 2 - e'\_. %."-.
AT A R
o '2 ot ot
54 SR
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With the accelerated development of intelligent transportation systems and the increas-
ing deployment of autonomous vehicles, the construction of high-definition (HD) maps has
become a critical technological bottleneck. These maps not only serve as a reference for
global navigation but also play a pivotal role in local perception, trajectory planning, obsta-
cle avoidance, and real-time vehicle control. Unlike traditional navigation maps, HD maps
used in autonomous driving must possess centimeter-level geometric accuracy and contain
rich semantic information about lane boundaries, road signs, traffic signals, and surrounding
infrastructure. However, constructing and maintaining such maps dynamically—especially
in complex, changing environments—remains a formidable challenge. The limitations of
relying on a single type of sensor for simultaneous localization and mapping (SLAM) have
become apparent in scenarios involving sensor occlusion, variable lighting, adverse weather,
or urban clutter. In light of these challenges, this thesis proposes a robust vehicle-mounted
autonomous map learning system based on multi-sensor information fusion. The system
integrates LiDAR and millimeter-wave radar data using an Extended Kalman Filter (EKF)
framework, achieving reliable, real-time, and high-fidelity mapping in both indoor and out-
door environments.

The motivation for this research stems from the observation that no single sensor can
provide both the high spatial resolution and environmental adaptability required for robust au-
tonomous perception. LiDAR sensors, which offer precise 3D structural measurements, are
susceptible to environmental interference and have high power and cost demands. Millimeter-
wave radar, on the other hand, excels in detecting dynamic objects and performs reliably un-
der adverse weather conditions, but suffers from lower resolution and noisier data. By fusing
the complementary features of these sensors, the proposed system aims to combine LiDAR’
s geometric fidelity with radar’ s robustness to environmental variation, thereby improving
both the stability and the accuracy of vehicle localization and map construction.

The theoretical backbone of the proposed system lies in the probabilistic modeling of the
SLAM problem. SLAM is formulated as a recursive Bayesian estimation task, in which the

objective is to estimate both the trajectory of the vehicle and the structure of the surrounding
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environment using time-sequenced control inputs and sensor observations. The state vector
comprises the vehicle’ s pose and the map representation, while observations are treated as
stochastic variables influenced by sensor noise and environmental uncertainty. The motion
model captures the system dynamics over time, typically involving linear and angular veloci-
ties, and the observation model represents the relationship between sensor readings and map
features. In the proposed approach, the fusion of LiDAR and radar data is handled through
an EKF, which linearly approximates the nonlinear SLAM equations and iteratively refines
the state estimates as new observations become available.

A central challenge addressed in the system design is achieving precise temporal syn-
chronization and spatial alignment between heterogeneous sensor inputs. Time stamps from
LiDAR and radar are aligned to a common clock, and sensor data are transformed into a uni-
fied coordinate frame using extrinsic calibration parameters. This enables data-level fusion
in a consistent reference system, preserving the spatial relationships necessary for accurate
point cloud construction and pose estimation. The radar data, providing Doppler velocity
and object detection, is used to refine the dynamic motion model, while LiDAR point clouds
are employed to anchor the map to static structural features.

The mapping framework developed in this thesis is implemented on a mobile plat-
form consisting of LiDAR, millimeter-wave radar, an inertial measurement unit (IMU), and
a global navigation satellite system (GNSS) module. The software stack runs on the Ubuntu
operating system and utilizes the Robot Operating System (ROS) middleware for sensor data
handling, fusion processing, and real-time visualization. Data from the sensors is first pre-
processed, filtered for noise, and converted into compatible formats for use in MATLAB,
where custom algorithms perform mapping and pose estimation. ROS nodes are customized
to subscribe to radar topics and perform interpolation for missing or asynchronous data, while
LiDAR frames are used to construct occupancy grids and register point cloud data with the
existing map.

To enhance computational efficiency and mapping stability, a keyframe-based map up-
dating strategy is proposed. Rather than storing every sensor frame, the system identifies and
stores only those frames that contribute significantly to pose change or environmental cov-
erage. These keyframes are used as anchor points for local submap construction and global

map integration. Within each keyframe, a two-stage scan matching approach is adopted:
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a coarse alignment using low-resolution grid features is followed by fine-tuned registration
in a high-resolution map. This strategy reduces computational overhead without sacrificing
localization accuracy. A spatial windowing technique ensures that only regions near the cur-
rent pose are included in the map update, further streamlining the process and allowing for
near-real-time operation.

Another innovative element is the application of principal component analysis (PCA)
in filtering and optimizing point cloud data. PCA is used to reduce dimensional redundancy
and extract dominant structural features from LiDAR frames, especially useful in indoor
corridor-like environments where linear walls and orthogonal intersections are prevalent.
This helps remove transient noise caused by dynamic objects and improves the sharpness of
mapped features. The system also leverages the high refresh rate of radar to estimate short-
term motion velocity, which is then used to compensate for pose drift during LiDAR scan
intervals.

To evaluate the proposed system, both simulated and real-world experiments are con-
ducted. The simulation environment is constructed using standard SLAM evaluation datasets,
including KITTI, and employs open-source packages such as Cartographer and Stage for
benchmarking. In real-world trials, data are collected from various scenarios including nar-
row indoor hallways and outdoor urban streets. The resulting maps exhibit high structural
fidelity and consistency, with minimal drift over extended trajectories. Compared to single-
sensor SLAM systems, the fusion-based approach demonstrates superior resilience to oc-
clusion, smoother trajectory estimates, and clearer reconstruction of vertical and horizontal
surfaces.

In corridor mapping tasks, the system successfully captures narrow passageways and
corner turns, creating accurate sparse 3D grid maps that reflect walls, door frames, and ob-
ject boundaries. In outdoor tests, it adapts to changing illumination and dynamic obstacles,
filtering out moving vehicles and pedestrians while preserving static infrastructure. Loop
closure detection is implicitly supported through pose graph optimization, although not ex-
plicitly implemented in this prototype. The experiments confirm that radar improves pose
prediction under conditions where LiDAR signal quality is poor, while LiDAR enhances
spatial granularity where radar alone is insufficient.

The integration with LeGO-LOAM (Lightweight and Ground-Optimized LiDAR Odom-
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etry and Mapping) further enhances system robustness. LeGO-LOAM’ s modular design
allows for efficient feature extraction, ground segmentation, and real-time loop closure, mak-
ing it suitable for embedded deployment. The thesis modifies this framework to incorporate
radar-based velocity priors and aligns radar detections with LiDAR-derived edge and plane
features. As a result, the fused system produces more accurate, temporally stable maps even
in challenging lighting or weather conditions, outperforming pure LiDAR SLAM in both
precision and reliability.

In concluding its contributions, the thesis emphasizes that the fusion of millimeter-wave
radar and LiDAR under a probabilistic SLAM framework significantly improves the oper-
ational robustness of autonomous map learning systems. The combination addresses key
weaknesses of individual sensors and enables effective deployment in real-world scenarios
where environmental unpredictability is common. The system maintains high localization
accuracy, adapts to scene variability, and scales well across different vehicle speeds and tra-
jectories.

Looking ahead, the thesis envisions several future enhancements. The integration of
semantic perception capabilities through deep learning models could enable the system to
recognize and map labeled entities such as traffic signs, road markings, and pedestrians.
This would transition the system from geometric mapping to semantic understanding. Incor-
porating lifelong learning mechanisms would allow the system to update its maps continu-
ously over time, accommodating roadwork, seasonal changes, and long-term environmental
evolution. Additionally, implementing edge computing strategies and lightweight inference
engines could allow for real-time processing on embedded platforms, further facilitating de-
ployment in commercial autonomous vehicles. Finally, the thesis highlights the potential
of vehicle-to-vehicle and vehicle-to-infrastructure communication in enabling cooperative
mapping across fleets, where distributed agents share observations to construct richer and
more comprehensive environmental models.

In summary, this thesis makes a substantial contribution to the field of autonomous driv-
ing by designing, implementing, and validating a real-time vehicle-mounted SLAM system
that fuses LiDAR and radar data. Through rigorous theoretical modeling, system integration,
algorithmic innovation, and empirical evaluation, it demonstrates that multi-sensor fusion is

not only feasible but essential for achieving the high reliability and adaptability required by
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modern autonomous vehicles. The work lays a strong foundation for future research in robust

perception systems and scalable autonomous navigation infrastructure.
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