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3D Multi—floor Precision Mapping and Localization
for Indoor Autonomous Robots
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Abstract: Moving among multiple floors is one of the most challenging tasks for indoor autonomous
robots. Most of the previous researches for indoor mapping and localization have focused on singular
floor environment. In this paper, we present an algorithm that creates a multi-floor map using 3D point
cloud. We implement localization within the multi-floor map using a LiDAR and an IMU. Our
algorithm builds a multi-floor map by constructing a single-floor map using a LOAM-based algorithm,
and stacking them through global registration that aligns the common sections in the map of each floor.
The localization in the multi-floor map was performed by adding the height information to the NDT
(Normal Distribution Transform)-based registration method. The mean error of the multi-floor map
showed 0.29 m and 0.43 m errors in the x, and y-axis, respectively. In addition, the mean error of yaw
was 1.00°, and the error rate of height was 0.063. The real-world test for localization was performed on
the third floor. It showed the mean square error of 0.116 m, and the average differential time of 0.01
sec. This study will be able to help indoor autonomous robots to operate on multiple floors.
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[Fig. 1] Indoor (a) and outdoor (b) pictures of KI building which 2 Aol 2t}
is placed inside KAIST (Korean Advanced Institution of
Science and Technology)
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[Fig. 2] 3D multi-floor map building and global localization algorithm for multi-floor mapping. Left part of the graph demonstrates the
multi-floor mapping algorithm in two steps: single-floor mapping using mapping algorithm, and multi-floor mapping system using
global registration algorithm. The global localization algorithm on the right side of the graph uses real-time LiDAR point-cloud input
and finds the location of the robot using 3D multi-floor map built in the previous step. The final goal of the system is getting both

location and waypoints of the robot on body frame
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[Algorithm 1] 3D multi-floor mapping algorithm

Algorithm 1: Multi-floor mapping

1 Input: Ml:n> Zbias

2 For M; in M, ,, do:
3 Extract B = /pt, pl%, ..., p};rom M;
and PT {p1 i-1,1 pl i-1,2- plT:i—l,j}
4 While d < § do:
5 minimize d = Y,y j((Rkpjy’ + tk) . p1T:i—1,j)
6 Determine Ry, and t;,
7 Add zpjqs to tye (b =t + Zpias)
8 Transform M; by Ry, and t;
9 Merge M; with Uy ;_y (Uy; = Zji-=1 ReM; +1t)
10 Transform S; by Ry, and t;,
11 Merge S; with S;.;_; (S1; = Z;zl(Rij +ty )
12 If i = n do:
13 Meetal = i, ands™tl=s,
14 End for
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[Algorithm 2] 3D multi-floor map localization

Algorithm 2: Multi-floor localization

1 Input: M, 2y, B/

) For p € MTotl go:

3 If, <p, <l, do:

4 Add p to P

5 While d < 6 do:

6 minimize d = %, ;((REP°p] + tFoPor) — pl )
7 Determine RR°?°t and tRobot
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[Fig. 3] The mobile manipulator robot used for multi-floor
mapping and localization
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[Fig. 4] 3D point cloud map of singular floor (a-c), and multiple
floor (d-e) of the KI building. (a-c): Map of the first, second, and
third floor. (d), and(e) is the map of the map that combined map
(a-c) after each transformation. (d) is the top-down view, and ()
is the diagonal view of the map. The white square, red arrow,
and blue arrow each represents the center point, x-axis, and
y-axis of the map
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[Fig. 5] The drawing of the building side-view (a) and side-view of the map (b). The experiment was done on the first, second, and the
third floor. d,,,, is defined as the gap between the ceiling of the first floor and the floor of the second floor. d_,, represents the same

between second and the third floor
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[Fig. 6] A drawing of the first floor. E1 and E2 marked with red
boxes are elevators. The center points of the elevators on each floor
were calculate using feature points on the 3D multi-floor map

[Table 1] X-axis, y-axis and yaw error between floors

Xerror [m] | Y error [m] Yaw error [°]
12" floor 0.36 0.74 0.43
2 3 floor 0.23 0.13 1.58
Average 0.29 0.43 1.00

[Table 2] Z-axis error between floors

Z error [m] Error rate
1 2™ floor 0.06 0.03
23 floor 0.20 0.09
Average 0.13 0.065
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e Red dots Aligned points between map and input LIDAR points
Grey dots 3D multi-layer map
= Blue line Trajectory of the robot

[Fig. 7] Side (a) and top-down (b) of 3D multi-floor map
localization on the third floor. The grey dots represent the
multi-floor map, and the red dots indicates the aligned points
between the map and the LiDAR point cloud. The blue line is
the trajectory of the robot

0 1000 2000 3000 4000 5000 6000
Steps

[Fig. 8] A graph of mean square error of the localization test on
the third floor
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Notation

Parameter ~ Description
F/ Floor feature of point cloud

P 82 Ft] LR vhele] ek 4
F¢ Edge feature of point cloud

FRIE S5 T A gl s el 5384
F? Non-floor plane feature of point cloud

FRIE Fehe-= 5 Wl aidshs 543
Q. Lidar odometry (LO)

Zho|t} @ v Eg] (LO)
t, Translation vector at time T

AlZErol|l A o] 2ol W
R Rotational matrix at time T (3 x 3)

Aol A o] 317 WSk PH(3 x 3)

M., A single-layer map generated until time T
A w=7h A 7] AR AR A7
A Gl A=

S,.. The trajectory of the robot until time T
A7} A7) A A RE A7
g 23] Al

M, A single-floor map of the kth floor
TEHE 9 k-Foll gk A=
M otal Integrated multi-layer map
4 0% A=
Uy Multi-floor map stacked up to the kth floor
k271 A%H T A=
P,:f Point cloud extracted from the kth floor map
TEA T 5 F2E A
P kT The target point cloud extracted for the kth floor among

the point clouds of the previously built multi-floor map
S mlE] FEE U A =0 A T k-5l thal]
FEH e AT

R, Rotation matrix that matches the kth floor map to the
multi-floor map
Gl k-5 U A== Hekshs 3 W gy

t, Translation matrix that matches the kth floor map to
the multi-floor map

e A o) e}
Point cloud transformed through the kth floor
transformation matrix

T kS W YA Bl S o] 5 U

pal

122 Lidar sensor data
2o} 414 tlole]

R fiebot Estimated rotation matrix of the robot within the map
A5 el M F=7d 5 2=3e] 3 ek Y

tliobot Estimated translation vector of the robot within the map
A% Vol 4 2ite] Bl ol W]

(229 A= U x,y,z9A)



References

[1] R. Philippsen, L. Sentis, and O. Khatib, “An open source
extensible software package to create whole-body compliant
skills in personal mobile manipulators,” 2011 IEEE/RSJ Inter-
national Conference on Intelligent Robots and Systems, San
Francisco, CA, USA, 2011, DOI: 10.1109/IROS.2011.6095163.

[2] Z. Fan, C. Li, Y. Wang, L. Zhao, L. Yao, G. Zhu, Z. Li, H. Xie,
and Y. Xiao, “3D Mapping of Multi-floor Buildings Based on
Sensor Fusion,” 2017 International Conference on Industrial
Informatics - Computing Technology, Intelligent Technology,
Industrial Information Integration (ICIICIT), Wuhan, China, 2017,
DOI: 10.1109/ICIICII.2017.10.

[3] X. Wei, J. Lv, J. Sun, and S. Pu, “Ground-SLAM: Ground
Constrained LiDAR SLAM for Structured Multi-Floor Envi-
ronments,” arXiv:2103.03713, 2021, DOI: arXiv:2103.03713v1.

[4] K. S. Kim, S. Lee, and K. Huang, “A scalable deep neural
network architecture for multi-building and multi-floor indoor
localization based on Wi-Fi fingerprinting,” Big Data Analytics,
vol. 3, no. 4, 2018, DOIL: 10.1186/s41044-018-0031-2.

[5] Y. Li, Z. Gao, Z. He, P. Zhang, R. Chen, and N. El-Sheimy,
“Multi-sensor multi-floor 3D localization with robust floor
detection,” IEEE Access, vol. 6, 2018, DOI: 10.1109/ACCESS.
2018.2883869.

[6] Q.Zhang, M. Wang, and Y. Yue, “Robust Semantic Map Matching
Algorithm Based on Probabilistic Registration Model,” 2021
IEEE International Conference on Robotics and Automation
(ICRA), Xi’an, China, 2021, DOI: 10.1109/ICRA48506.2021.
9561176.

[71 Y. Yue, C. Zhao, Z. Wu, C. Yang, Y. Wang, and D. Wang,
“Collaborative semantic understanding and mapping framework
for autonomous systems,” IEEFE/ASME Transactions on Mecha-
tromics, vol. 26, no. 2, 2020, DOIL: 10.1109/TMECH.2020.30
15054.

[8] J. Zhang and S. Sanjiv, “LOAM: Lidar Odometry and Mapping
in Real-time,” Robotics: Science and Systems, vol. 2, no. 9, 2014,
[Online], https://www.ri.cmu.edwpub files/2014/7/Ji_LidarMapping,_
RSS2014 v8.pdf.

[9] T. Shan and B. Englot, “Lego-loam: Lightweight and ground-

optimized lidar odometry and mapping on variable terrain,” 2018

IEEE/RSJ International Conference on Intelligent Robots and

Systems (IROS), Madrid, Spain, 2018, DOI: 10.1109/IROS.

2018.8594299.

P. Biber and W. Stral3er, “The normal distributions transform: A

new approach to laser scan matching,” 2003 IEEE/RSJ Inter-

national Conference on Intelligent Robots and Systems (IROS
2003)(Cat. No. 03CH37453), Las Vegas, NV, USA, 2003, DOIL:
10.1109/IR0OS.2003.1249285.

[11] C. Ulas and H. Temeltas, “3D multi-layered normal distribution
transform for fast and long range scan matching,” Journal of
Intelligent & Robotic Systems, vol. 71, 2013, DOL: 10.1007/
$10846-012-9780-8.

[10

[

g
o

do
ot
(98]
)
0
)
ol)lf
ox
ne
>
il
-
A
ne
do
A
o
u
=2
AC
i)Y
W
1Y

[12] D. Lee, G. Kang, B. Kim, and D. H. Shim, “Assistive Delivery

Robot Application for Real-World Postal Services,” IEEE Access,
vol. 9, 2021, DOI: 10.1109/ACCESS.2021.3120618.

gl
2020 RN 71AFSRED
2020~@A KAIST 2X-83spAlds A g

FAROE ARER, A A5, SHES

ol tf
2018 =Rk AFERFEEH A
2020 KAIST 1] e 5t8H4 A2(444D
2020~FAA] KAIST #17] & ZR}g3h- ubap
34

Al
=

1991 Agefskan 7 A EHED

1993 Aethstar 7|78 SHAAD

2000 University of California, Berkeley
Mechanical Engineering(2FAh)

=~
=

rek

AAEok BHEA B2, 2SR, AT 79l B8





