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Motivation

A Realtime accurate localization of ’-!'-.,... —' a3
ground robots | }—"““‘“" "-*---

T

Largescale prior map localization

A Use inexpensive sensors:
¢ 2D LIDAR, Wheel Odometry, IMU

A Potentialautonomous

applications: T
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¢ Warehousing | S
¢ Delivery and service I r 4
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http://ais.informatik.unifreiburg.de/slamevaluation/datasets.php




Contributions

A 2-stage localization system for robots with inexpensive sensors
I 2D LiDAR, Wheel Odometry, IMU
A Stage 1 - Offline occupancy grid mapping
I Accurate scan matching uncertainty modeling
I Line tracking and weighted non-linear batch least-squares for improved map quality
in structured environments
A Stage 2 - Online EKF-based prior map localization
C 6-DoF filter incorporates IMU to account for true motion of robot
I Online spatial-temporal calibrationb et ween sensors to al
i Light-weight real-time prior map localization




Related Works

Cartographer [1] HectorSLAM [2]
A 2D occupancy grid submaps to enable A Builds a multiple resolution occupancy
loop closure detection grid map online

A Novel depth-first-search correlative scan A Fuses 2D LiDAR and IMU

matching
A Estimates a full 6-DoF trajectory

A 2-stage scan matching technique
i Correlative scan for initial
i Refinement with nonlinear

A Pose graph is equally weighted (no A No online calibration of sensor
covariance estimation) extrinsics
A No other geometric features (e.g. A Extra cost of building prior map online
lines) used to improve map quality instead of localizing in known prior
frame
[1] W. Hess, D. Kohl er, -Hi mRabpopaado®ur dAndor2dfiRedar sl aaomRoboticsmand2Adtdntatioh. EEE 20L6npp.eLl27hid278 onal Conf erence
[2] S. Kohl brecher, O. Von Stryk, J. Meyer, and U. Kl i nigpaafin@Alll EEEBl eEnaednathabrbl eSgmpmssymt em @ateryu|5ee4rmoyi
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Stage 1- 2D Line and Occupancy Grid Mapping

A Create 2D submaps

¢ Match to current submap for Wheot Odometry [
odometry T ial Retacive e
¢ Keep keyframes as nodes in R — Matehing [ Refined Relative Fosc
posegraph [ Line Bxtraction |1 erﬁk Lines
¢ Match to old submaps in separate Loop Closure | [Posec Graph
thread (loop closures) ) o m
A Accurately estimate scan matching f
covariance v
¢ Performweightedbatch Submaps
optimization of constraints Bl
A Extract 2D lines from LIiDAR

¢ Perform line tracking and mapping




Scan Matching

A Scan matching problem:
¢ Optimize the relative LIDAR pose to the

submap
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Transformation prior

A Prior Odometry:
¢ Integrated into relative pose

Occupancy constraints

A Prior Scan (accurate to grid res):

A Covariance
¢ Consider noise from scans and
from submap occupancy
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¢ Scan uncertainty in residual
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¢ Final scan relative pose
information matrix
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Line Magging

A Store lines irclosest point (CH¥]
format, with the following coordinate
transformation from global to LIDAR
frame

o~ ']l TERT 0241] [“n
Xy =d-n, [Ld = | ZopT 1 G

A Lines constrain pose states
¢ Multiple states can be constrained
with multiple observations of the

A Line Tracking: Lines are tracked by
thresholding distance and orientation
(normal vector)

same line
A Line Merging: After looglosure, close
lines are merged together with similar
thresholding
AObservability analysis of ai dFahsactions onwobbties, volh38,in@ 6, ppg 399 £448) Bec. 2Rt ur es of_ poi n

[4] Y. Yang and G. Huang, 7



Stage 2 Online EK¥pased Localization

Ly

Ly O: <«— Temporal offset

I
between sensors

A Estimated states x, = [x; x;, xw

¢ Inertial: xr=[gR “pr, “vi, b, bg]

¢ Clones: XL:{gR “pi, gf*lR prk_l} <«— Historical inertial pose clones

¢ Calib: XW:L‘?R Ip; PR OPI] <+— Extrinsic transform of IMU to

LIDAR/Wheel sensors
A Measuements:

¢ IMU: Angulanelocity& linear accelerationpfopagation)

¢ LIDAR: Laser scan distances (in local LIDAR xy plane)
A ICP to prior map
A ICP relative to previous frame

¢ Wheel: 2D angular & linear velocity (in global 3D xy plane)
A Integrated into relative pos change




LIDAR Measurement Processing

1. LYO2YA WP a0y Ad adzy ol NLISReé gAGK LI

2. Local LiDAR frame points are projectecL.p in the global xy plane (ensures ICP is performed
same 3D plane)

Projected point global xy plane— | Zx P/ FRERA (g: R'R|*p;| «— Pointin unwarped scan

Consistent plane to perform ICP,
invariant to sensor roll, pitch




LIDAR Measurement Processing

1. LYO2YA WP a0y Ad adzy ol NLISReé gAGK LI

2. Local LiDAR frame points are projectecL.p in the global xy plane (ensures ICP is performed
same 3D plane)

Projected point global xy plane—, Li-pf = IRARA (g: R'R|*p;| «— Pointin unwarped scan

1. ICP is performed relative to the previous scan and global map

Lli = / _ X / /
[LZ 'R, ,Lk”PL;,m 7Qicp} = ch‘( k1P ’fP) <«— Previously received LiDAR scan

[ "R, PL+ Qicp} = icp ( P kM) <«— Global map (transformed into
frame near current)

ICP uncertainty

1. Measurements are rejected based on-slquared threshold, and relate to state through projected
measurement model and timeffset
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Wheel Odometrx

A CNRY H5 $KSStf 2R2YSGONERI ¢S 3ISYSNIGS || &Lk
O, , _O,
O“"m ~ wes HNuwr| «_ Additional noise to model how close
TV = TTver HNyr 02 LI FYylINE 2R2YSINRB Aa
A Measurements are integrateiticrementallybetween LiDAR times
O R = 0 R Exp (T wi — nr )t
Ok_lp()q-+1 — Ok_lpOT =+ 8?:_1R(OTV771 - nTJ'T)(StT

Qr1r41 = HTQk_LTHI — GTQWGI <+«— Measurement uncertainty

A Uncertainty in the timeoffse;, used to integrate, we model the bounding clone poses as:

LO%(?RQIRE%RT?RT) +n gR - Exp(—woff gﬁ ¥~ Integrated pose
k—1 © ~ ~ |
'Ra ™ R(“po, = “po,_.) GPIk = GPIk + GVIkOtI found using best

T / timeoffset estimate

Zi—1.k =
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Localization Simulation Validation

estimator parameters.

A Indoor multiroom office environment

TABLE I: Key simulation parameters for each sensor along with key

Parameter Value Parameter Value
(236 planes, 348 meters) LIDAR Frt. (1 0 AR Ol 2
Gyro. White Noise 1.6968e-04 Gyro. Rand, Walk 1.9393e-05
Accel. White Noise 2.0000e-03 Accel. Rand. Walk 3.0000e-03
- - = Odom. Ang. Noise (rad/s) 8.0000e-03  Odom. Vel. Noise (m/s)  2.0000e-02
A SlmUIatEd rea||St|C sensors and _ LiDAR Rguy Noise (m) 3.0000e-02  LiDAR FOV (deg) 270
LiDAR Ang. Resolution (deg) 0.5 Prior Map Cell Size (m) 0.05
nonholonomic motion . -
A\ 7“% AU
. . F 5
A Prior map simulated based on floorplan - | | L S
T 11T
Able to estimate with higher accuracy as more sensors are s )
added. Prior map has the largest impact on reducing error.
Configuration RMSE Ori. (deg) RMSE Pos. (m) NEES Ori. NEES Pos.
IMU + REL 14.034 4.344 4.122 4.845
IMU + REL + ODOM 3.714 1.221 2.574 1.693
IMU + PRIOR 0.201 0.047 1.979 0.595
IMU + PRIOR + ODOM 0.191 0.043 2.406 1.564
IMU + PRIOR + ODOM + REL 0.182 0.040 2.344 1.464
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Prior Map Frequency and Online Calibration

A

Frequency of prior map does have small
impact on accuracy (robot is moving at
1.8 m/s on average)

Able to robustly online calibrate sensors. T

Direction normal to the plane of motion Even 10 seconds between updates (0.10
: Hz) we can still achieve < 20cm accuracy
not converging as expected
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