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Abstract: LIDAR plays an important role in the field of unmanned driving. Ground filtering is the key technology to
separate and extract the ground information from the point cloud data acquired by LiDAR. Firstly, the development
and classification of vehicle LIDAR scans (VLS) are introduced, and the advantages and disadvantages of all kinds
of VLS are discussed. Then, the development of VLS ground filtering algorithm is studied and classified. The evalu-
ation methods and standards of ground filtering accuracy are described, and three typical algorithms are compared
and analyzed. Finally, the shortcomings of current VLS and its ground filtering algorithms are summarized, and the
future development trend is prospected.
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Table 1 Comparisons of mobile LIiDAR
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Fig. 1 Space division methods of point cloud. (a) Local point cloud; (b) Gridding; (c) Voxel partition

ANF T R PR A AT, 5k 2
T 2007 4= DARPA ST PhiRPE, (HIEXFP R IEICE R
A EIAS R A8, Douillard 58 A\ DNOREL T A% 15
FIRE, TR RS 22 8] (8 S5 R BB iR 3 e T
MM, SR AT LAkt G 15 B e PR MR 7 i X D e 2 2R
HIRZI , (REIZ 5 5 F K, Kammel Fl Pitzer S51PEA,
AW PR, RN EETAEBE, W
W IS bR A AR LI 5 (H2 o A AT — o TR,
FIT LA AR 0 O bt T DX sl A S i i (X322 ) A
2% o Guo 55 2RI FH A IR 2 T /) ] R B3
KRS A BIARIC AT IR X3, ATOR Bl IX I, e
DRI A X, (PR S R/ INKZ 45 RS i 55
Ko

BEF 2 R ) TS SR A R R, (R R
o D R A L T AN 4 R Ve A RO B I, T
DAPEREAR B fURR, ARZR ) 32 BRI M 7 AL ki S
BRI FE

3.1.2 BT8RN mB AR

CUERE AT A AL L, R S A
Ffe = e zs [ E s THEE (B 1oFR). ZEH
V5P i WA 38 PR A S O 22 (s
TR Z AHE L R R A TIX 4000, 15, WHAR M4,
WASF I Z 22 SN T4 BE, JH 22200
M2 /NP S (E, Mo h—4dl; ARG, HIRHAR
YT ELE RE, WRR R 4L L B A 45 R A
TN AR b A, B2, WA AR R AL & i 504, Chen
SNSRI A B AR IR R J5 (0 FH s 0l R A
AR— BT BRI, BERE A T A EIAR ) 3 D
BOR, (RRZSR R A, SRS A
HIAH HLE IS5 R Z AWK . Guan S ACVIFE T
FTERER AR, AIBEAAR LIS
TSR, SAHARAEE P S A A I 0 T Ak sk 1
AR W, LA R IAIRR m R R RS m T
BME, %0 T LA AT S A B T AR A R )

190688-3



YEETHE  https://doi.org/10.12086/0ee.2020.190688

S, ARJR AR R AR 73 2RI . Husain 25
NS B IS, T s B (AR 2R AR N B9
R BIES ORI AR R E T, xFIEAIL
AT RS, MK THOEHERE | BOCH
AR [ EAER NS B

BT = AR A M S B 7T A AR A R
5 R, ARKS T T RS A M IS 0%, IE Dl e
W ZR, AR IHEET L.

3.2 ETHM&GithEEEE L

VLS iz B 2 B T4 2 HE Y s 4 Al
B, YO R TR BT EARE AR, P
PSR TIRE, e A sy s e n
P& S EAAR, FMEAREnE 2 s, JE
R = i E> AL B 1 1R):80) 27 1 £ M e oW 1 U U LB 8 1 >
FAARERZ M AR AL, SR B A4 5 b T

FESRTT IR, T AR 2 o] BE 4 B RO A
AR A, N, SiEEAHLE, BEREECA TS
2L AIPE 45 % . Montemerlo 55 A3 1 UG EIA
PSS Z PR, PR AL T BE AR SR
FE IR, ARJE AR AGE B B
FERFPIIY A B EA4 . Himmelsbach 5 AP0 =4k i =
FRAAEAI 5 2N EE A b, B [ A 19 e I i bk
HPRFHRELE, HAB R/ N T BE LB ic R
JE T I, 207 kia AT ) HE T2 b . SC
BR[21 R —Fh g DRI, , Bk b s &)
AT T A A S R T, 3 A B Y B
FRYLIE AW L AR S IR, (PR
ZREE UL HIE 1 R BE B3 O i i 3 R s i 2
Ko Hu2Hg i T —F R RN, B ekil)m)
AR, SRIERHAE IR, RIS R R A K
BB, Sy TAEERS S srh A I B I, SCHk[23]42

(a)

i BEERERG

o N MO

BT P T R R S A R R/ N 3R Y B A A
Sk, ARG A 2B IO

B T b T R AR T A A, HOC e i 4 2
(), BT LA SR U TR A A SR T LT AR T R
AR . (FUE, B TAAER, SUERK TR
SR, FT DR RS R AR A A I WrhRE . AR DX
[/, Zhou 5 NPT T —FP 5L T8 - R A b 1) 1l
Sy, EEAMGE TP AR ES T, 1S
MATAHSENMI, Yin 5 AP RBK AR CEH R
IRARFR, BB IE B T BAROLE, AT 7 ff
VAR ] B S R T AR BRI bn s, A BR AR AR R P
A5 1) P oY 100 T R RRFG AT  0 ) e TRD e AR A e T
R R DLk St BE AR R 4 E) . SCHR[26] 5K
FHET- T X SR A X AR B 3R Ak, iR At
(18 Rl v B8 22 PRI T S AR B T Z M R L,
Boxf /N R S B R B B, (R SRR
B3 . Wojke 58 NPEE T —FPAH I S ekl ik,
3 SR A — KA B B SEAR AR = Ao
LR LA, FIWT T e A DL Z MR R, A
{9 T PR DO AT g o 2 b TR, SRR AR Sk [28] TR
3 B R HY I o STHR [81KF 451> LiDAR 4t id i
INZSRRENEIRNHR A By, ARG TES BT s AT
R Al R ML (Markov random field, MRF)FE i
B,k EUE D ER i A E =1 I Y I ) R
AEE T T HM AR I B g oL, 78
HYHNEIT b IEXE LIS BT IEIRCR

FET A DRI A AE o P38 H B I e
YIRS LT REHS LR PRAR AOE R, , (HURAE R
RIS B —ESEREOL T, FAMZ A
¥y, RSB SEBARE I K . I, ZEEE
T T I A

(b) T T

o P E
6 4 =2 0 2 4 s

B2 AaRETirEA, (@) VLS Ay 7 A, (b) A& KFHF

Fig. 2 Change of scanning lines. (a) Scanning scene simulation of VLS; (b) Horizontal projection of scanning lines
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Results of slope-regional growth filtering algorithm

Overview: LiDAR plays an important role in the field of unmanned driving. Ground filtering is the key technology to
separate and extract the ground information according to the point cloud data acquired by LiDAR. First of all, this pa-
per briefly describes the landmark events that vehicle LIDAR scans (VLS) established its position in the field of un-
manned driving. According to the classification of mechanical, mixed solid and solid LiDAR, the working principle of
each type of VLS is described, and the advantages and disadvantages of each type of VLS are discussed and compared.
Secondly, the development of VLS ground filtering algorithms is studied. And the existing algorithms are sorted ac-
cording to the processing methods of point cloud data. The ground filtering algorithm is divided into four categories:
the ground filtering algorithm based on space division, the ground filtering algorithm based on scan lines, the ground
filtering algorithm based on local characteristics, and the ground filtering algorithm based on additional information.
According to the principles and filtering results of different algorithms, their characteristics, advantages and disadvan-
tages are described. In addition to the above filtering algorithms, some ground filtering algorithms are also introduced.
However, the adaptability of these algorithms to VLS point cloud data needs to be further improved. The common
evaluation methods and standards of ground filtering accuracy are described to effectively evaluate the filtering results
of various algorithms in different situations. There are three evaluation methods of filtering results: the manual calibra-
tion method, the visual inspection method, and the random sampling method. Furthermore, there are three evaluation
standards for filtering accuracy: the cross table method, the Kappa coefficient method, and the algorithm time/space
complexity. In order to show the characteristics of various algorithms, typical algorithms are selected for comparison
from the ground filtering algorithm based on spatial division, the ground filtering algorithm based on scan lines and the
ground filtering algorithm based on local characteristics. By changing the selected value of parameters, several groups of
tests are carried out for each algorithm. The filtering results are arranged in ascending order according to Kappa coeffi-
cient, and the influence of parameter changes on the results is analyzed. The accuracy evaluation criteria are used to
compare and analyze the optimal filtering results. Finally, the shortcomings of existing VLS ground filtering algorithms
are summarized, and the development trend of VLS and VLS ground filtering algorithms is prospected. With the de-
velopment of the computer technology and machine learning technology, filtering algorithms will be more intelligent
and efficient.
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