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ABSTRACT

It is essential to estimate the vehicle localization for an autonomous safety driving. In particular, since LIDAR provides precise
scan data, many studies carried out to estimate the vehicle localization using LIDAR and pre-generated map. The road
marking always exists on the road because of provides driving information. Therefore, it is often used for map information. In

this paper, we propose to generate the Gaussian mixture map based on road-marking information and localization method
using this map. Generally, the probability distributions map stores the single Gaussian distribution for each grid. However,
single resolution probability distributions map cannot express complex shapes when grid resolution is large. In addition,

when grid resolution is small, map size is bigger and process time is longer. Therefore, it is difficult to apply the road marking.
On the other hand, Gaussian mixture distribution can effectively express the road marking by several probability distributions.
In this paper, we generate Gaussian mixture map and perform vehicle localization using Gaussian mixture map. Localization

performance is analyzed through the experimental result.
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2. GAUSSIAN MIXTURE DISTRIBUTIONS
MAP GENERATION
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Fig. 2. Result of pose graph optimization.
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% Point Cloud

% Number of Probability Distribution

% Weight of Probability Distribution

% Mean of Probability Distribution

P % Covariance of Probability Distribution
Input: P={p,.....p,}. K

Parameter Imitialization 7,z %

R N Py

for r=1:T %E-step
forn=1:N
fork=1:K
TN (p, |, Z5)
1(5) = #
> AN(p, |4, %)
end .
end
for k=1: K %M-step
N
ZY(:HP{)-PH
My =2 ;
ZY(:»;:)
n=1
N
Y(:”k)(p,, _/uk)(p” _,uk)r
- n=l .
“~k N
Y(:uk)
n=l
DN(EN
T, =— =)
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end
end
OUPUL : 7 = {2, eeees T} pt = (ftyopi}o = = (e )

Fig. 7. Pseudocode of EM algorithm for GMM.
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Table 1. Example of Gaussian mixture map.

Index Latitude (u,)
1 37.123521433

Longitude (4,) o, [ o
127.053851023 122 043 012

N 37.143205021 127.050295821 178 084 033

Table2. Comparison of map size.

Mapsize ~ Multi-res Gaussian Binarygrid  Extended Proposed
mixture map map (10cm)  linemap map
MB/km 44.3 0.901 0.134 0.083
53 wihx) WhE3Ih BLE 518 Buv} 202 WSS, GMM
< Fa
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3. GAUSSIAN MIXTURE DISTRIBUTIONS
MAP BASED PRECISE VEHICLE
LOCALIZATION
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P % Point Cloud

M % Gaussian mixture map
Ax % Scan Marching Result
Xeor  %ROI of Covariance

Input : P={p. py..... Dy }. M = {m,m,,....m_}, Zp,
B=P;
x=[o 0 o
forr=1:T
_ cos(6) —sin() |
7Lm(0) cos(0) ]?

N n f
!

lick, ] = data_association(M. P, X Rw);
[/.8] = get_score_ﬁmchon(M,d\wﬁ,P,);

[8,] = levenberg _marquardi(J,S);
Ax =Ax+4.;

if 8 <¢
break:;
end
end

Output: Ax= [f‘, z, 6':|T

Fig. 11. Pseudocode of point-to-probability distribution scan matching.

P % Point Cloud
M % Gaussian mixture map
%ROI of Covariance
idx, ., % Matching Index from Gaussianmixture map
Input : P={(x...x0 ). (Mo v ))s M= {(th o ). (20 20}, Sy
fori=1:N
id,, ., <—findminimum Euclidean distance dy,; between M and P,

match

z
ROI

ifd,, >s,
continue;
end
(,um 7}’!);
()ﬂrm i +2 RUJ)
dm A % Mahalanobis distance
ifdy, <&
break;
end
end
Output: idk,

‘match

Fig. 12. Pseudocode of point-to-probability distribution data association.
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4. EXPERIMENTAL RESULTS

AL Fig. 19} Zo] £4] T2 AAlsigion], A% A7t
& £ Ao Ajako] o] EAshs B A7l Sasiich =
3, A% 77ke] ol thek 3 kmolch Fig. 104 Bol, BE
T4 71Bo] EAiste] R O] T2kl GPS 9 Aelolck.
3, B A7l AR Sasle] whe PrlelA F9) Aoz
Q1) thie] 1w FAZ} FeiAict whebad, e EA] 7]k %)
£8 olgslol 4554 7] 1 ofel g Falolel £ gl

o S}
v T H
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Table3. Experimental result.

Position error (m) Heading error (degree)
RMS 99% Confidence level RMS
Lateral Longitudinal Lateral Longitudinal
0.04 0.19 0.10 0.65 0.32
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