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Abstract: For the Simultaneous Localization and Mapping (SLAM) problem, a different path results
in different SLAM results. Usually, SLAM follows a trail of input data. Active SLAM, which determines
where to sense for the next step, can suggest a better path for a better SLAM result during the data
acquisition step. In this paper, we will use reinforcement learning to find where to perceive. By
assigning entire target area coverage to a goal and uncertainty as a negative reward, the reinforcement
learning network finds an optimal path to minimize trajectory uncertainty and maximize map coverage.
However, most active SLAM researches are performed in indoor or aerial environments where robots
can move in every direction. In the urban environment, vehicles only can move following road
structure and traffic rules. Graph structure can efficiently express road environment, considering
crossroads and streets as nodes and edges, respectively. In this paper, we propose a novel method to
find optimal SLAM path using graph structure and reinforcement learning technique.
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[Fig. 1] Path planning algorithm on graph structure using reinforcement learning. Graph map making module makes graph map utilizing
location information and depth images of target area as input. In path planning module, it plans an optimal path using graph map
obtained in graph map making module. Finally, in evaluation module, it performs SLAM following the optimal path and calculates

trajectory error using LeGO-LOAM.
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[Fig. 2] (a): Raw location data of target area. (b): Extracted
nodes. Nodes represent crossroad in urban environment. Change
of direction only can occur at the crossroad. At the left side of
the map, there are elevated road, so they are not considered as
crossroads. (c): Clustered Edges. Each color represents each
edge. (d) A complete graph map connecting nodes and edges. It
also includes calculated weights.
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[Fig. 3] (a): Reprojected 3D points using equation (3). Depth
values are assigned to each pixel to get 3D coordinates of each
pixel. (b): Calculated normal vectors
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[Fig. 4] Overall pipeline of reinforcement learning. RL agent takes state and reward as input and gives actions as output. Utilizing state
and action, environment calculates new state and rewards: coverage reward, accuracy reward, and uncertainty reward. Finally, it
calculates its next reward as weighted sum of those three reward terms. While every node is visited it repeats all the processes

.

Je) S, 9 AE A, 7F 87300 Q1o g X, $ o)A
= e A 5eo) Q17 R ALl T A17H el olA]
of el 5, & Tk e 5,04 S, = sk Al
Aol Wsks 73 @ E TR ATk trlolAle] wad
e TR B S WA R, B WA R, B8
@EA Ry 3700) B0 & o] o)A QL o]Ee] Fs e
wAFo & wkaale), Z17to] BARS el vk o o)) 2 (6)
o Adrgso] Qe B4 BA R, 9] 7% EIF (Extended
Information Filter)S 53l Y7 information matrix L2] 2
2]-8- AF-3}59 Y. Information matrixi= covariance matrix <}

O 5 Abole] AL A4S 855 2 ghe Al

Lo r

DU

RCt+1 path RCt (6)
=weight(S,,.5,.1)
=det(Z(1:3,1:3))

RA,t+1

RU,r,+1

o] o] &4t HF WA R, = okl A (Dol eIl = 7
FHe AREBIoITE HatA o AL = 2 ze] HAde] A7)7)

719k el A vl @ ke T =S T A1 E Al

R=Re,+ Ry, +20 Ry, @)

QP Jg o
ofe R
S g
[e) r_?L
T

o
9
w2
> W
n =
A f;‘
& In
L 5
a2

>

N
32
)

3.3 LeGO-LOAMS- &3t glo] v} 2| &= A2} H o] & 71 4]
A ALk

npAeko 2 7l Sh5-S FEl A A =7F SLAMO] A
S Auh} AR 2R B181] 918 48] sl o2 Axtket
7Azel Jojeo] AR F 7HA] Zg-oll 3l LeGO-LOAM S A}
&sto] gholt}h A =g AztstaL o]o] i H2S A& Ao
t}h LeGO-LOAM 2] Az} 2 Aoj 7l #| 4 3} A| 5 ] o] A ol A
A2 A A4 ©] 2po] & ICPE ©]-8-3t %

A 45e WW? 1 4=s 2“’1% I AL TS AZE o)

wto., golM A7 lasts o)l #
wlasjol A AR GYHIEA BB Rtk

M AR W ES Wkl 9 27 doldEs
CARLA!™ A5 o[E| 5 AH-3Lo] F153F 914 Wt zlo]
oW A5 ARSI thE Wl 5ol $hx138] EAlE A Eoll 4]

dERt Y2 SLAME A diste] 7tsl] 9jal AlE el
2ol ¥ AetsiriaL seta}3l7] wlitol AlE oA wlo]E
S ARSIt 71 WA, AlE ol diolBlE AREste] 1

U AR E A Yo S g B AR E Boln



EAIEP T A| SLAM REHIA 22815 915 4u) sk 7 AR A 127

(a) (b)
[Fig. 6] (a): Obtained depth image from CARLA simulator. (b):
Obtained LiDAR measurement from CARLA simulator
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[Fig. 7] (a): Result of LeGO-LOAM using path from proposed
method. (b): Result of LeGO-LOAM using randomly generated
path. (c): Enlarged view of (a). (d): Enlarged view of (b)

(b)

[Fig. 8] (a): Result of LeGO-LOAM using accuracy reward
only. (b): Result of LeGO-LOAM using proposed weighted sum
reward
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[Table 1] Trajectory Error by Path Planning Method

Path Proposed Random
Average Trajectory Error (m) 0.4006 0.5745
[Table 2] Trajectory Error by Reward
Reward Proposed Accuracy
Average Trajectory Error (m) 0.4006 0.1645
[Table 3] Executing Time by Algorithm
Algorithm # Nodes Elapsed Time (s)
50 19.28
Proposed 100 31.25
500 163.61
50 3.28
Traveling Salesman Problem 100 15.58
500 > 4000
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