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Acquiring detailed information on the activity environment in advance is effective for
performing autonomous movement. However, in order to acquire the data, it is necessary to
run the entire activity environment at least once. When doing activities in a vast range, this will
cost a great deal. In addition, systems that depend on such information are very vulnerable to
changes in the environment because they depend on the state at the time of acquiring the data.
Then, we propose a navigation system using Edge-node map created from electronic map
that anyone can use. In this system, localization is performed by comparing an intersection
estimated from sensor data acquired in real time with the map to realize autonomous movement
independent of the pre-environment map.
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Fig. 1: System architecture
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(a) Raw point data (b) Obstacle point data

Fig. 2: Drivable area detection
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Fig. 3: An example of segmentation

(a) Actual environment (b) Semantic information

(c) Shape information (d) Integrated

Fig. 4: Integration of shape and semantic information

3·1·1
node

LIDAR

Min-
Max (1) Min-Max

1
P

Vdi f

.

maxPi −minPi >Vdi f (1)

－ 102 －



(a) Raw point data (b) Obstacle point data

Fig. 2: Drivable area detection

2.

INFANT
(INtegrated Foundations for Advanced Navigation Tech-
nology) INFANT 2

0.60m(W) 0.85m(D) 1.45m(H)
PC USB

LIDAR (HDL-32e) (ZED)
AHRS(Xsens MTi-30)

PC(Intel R�Corei7-6700 HQ 2.60 GHz,
RAM 16GB) 2 .

3.

1

LIDAR

Edge-node map

3·1

2

Fig. 3: An example of segmentation

(a) Actual environment (b) Semantic information

(c) Shape information (d) Integrated

Fig. 4: Integration of shape and semantic information

3·1·1
node

LIDAR

Min-
Max (1) Min-Max

1
P

Vdi f

.

maxPi −minPi >Vdi f (1)

(2) 2
σ

σ =
λ0

λ0 +λ1 +λ2
(2)

2 Min-Max
2a LIDAR

2b
( )

LIDAR

Liang-Chieh Chen (3)

Cityscapes Dataset(4)

15
road

sidewalk terrain
vegetation

3

3 (u, v)
(X, Y, Z) 3

⎡
⎢⎢⎢⎢⎣

X

Y

Z

1

⎤
⎥⎥⎥⎥⎦
=

⎡
⎢⎣

R11 R12 R13 Tx

R21 R22 R23 Ty

R31 R32 R33 Tz

⎤
⎥⎦

−1⎡
⎢⎣

f 0 cx

0 f cy

0 0 1

⎤
⎥⎦

−1⎡
⎢⎣

u

v

1

⎤
⎥⎦ (3)

f cx cy Ri j

Ti 3
3a

3c 3b

3

4

4c 4d

3·1·2
(5)

LIDAR
LIDAR

S. Thrun
(6)

3D-LIDAR 5a
1

Pi = (xi,yi,zi) Eq.4
Zk k dk

k Pj xini yini

Zk = { (k−1)π
n

< tan−1(
y− yini

x− xini
)≤ kπ

n
,

−40 ≤ x ≤ 40,−40 ≤ y ≤ 40,k = 1,2,3, ...,n}

dk = {min
�

x2
j + y2

j ,Pj ∈ Zk,k = 1,2...,n}

(4)

5b RANSAC(7)

RANSAC
5c

2
( 5d)

3·2

Edge-node map

edge

Edge-node map node

edge

－ 103 －



(a) Beam model (b) Drivable area

(c) An result of RANSAC (d) Centerline estimation

Fig. 5: Intersection detection

(a) Trajectory (b) Step 1 (c) Step 2

(d) Step 3 (e) Step 4 (f) Step 5

Fig. 6: Process of localization
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Fig. 7: Local goal decision
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Fig. 9: Result of Tsukuba Challenge2018

Fig. 10: Experimental driving route
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