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“perception-action-cycle”

Sensor Data Selection Processing Output }
raw data informative information apply
data extraction information

30.11.21 Stephan.Weiss@aau.at 4



.. The Problem:
| | PGS Where am |7 e

WiFi antenna

e o

UWB range module §

D
‘%‘ Video camera
(1024x1080)

Position _ o N
Velocity robust, at high rate, with high precision

Attitude

“More data is
confusing — at
least until there is
enough of it”

Is more
iInformation
always better?

World

30.11.21 Stephan.Weiss@aau.at 5
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'l' More Information in %T
KLAGENFURT Vision Based Localization ystems

* AVGAimage has >300k pixels!
- Data selection: Only take informative
areas (high contrast) for localization
- And if there is no contrast?

* Information selection in images has a
long, and continuing, history

desert man made structures no clear identification

30.11.21 Stephan.Weiss@aau.at 6
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Image reconstruction from event camera stream

interpolated information raw data
[Pock et al.]

30.11.21 Stephan.Weiss@aau.at 8
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e Setup
— Tightly coupled filter based approach (towards real-time)
— Sensors: one camera, one IMU (3D acceleration, 3D gyro)

Sensors Processing Output

EKF Framework \

Core state: x = p,v.,d,b,b,p.,q_]

T

localization intr. extr.

Measurement: z = h(x) =1 (pixel intensities)

Full state:x=[x__p | ]

(acc, gyro) pixel depths (a.k.a. local map!)

[A. Hardt-Stremayr and S. Weiss, “Towards Fully Dense Direct Filter-Based Monocular Visual-Inertial Odometry”,
International Conference on Robotics and Automation (ICRA), May 2019]
30.11.21 Stephan.Weiss@aau.at 10
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* As with other approaches:
corners and edges have most information, homogeneous areas have none?

e Paradigm shift for fully dense approach:
Inherent information propagation from informative regions

‘-" camera
image
camera
image
| |
scene

[A. Hardt-Stremayr and S. Weiss, “Towards Fully Dense Direct Filter-Based Monocular Visual-Inertial Odometry”,
International Conference on Robotics and Automation (ICRA), May 2019]

30.11.21 Stephan.Weiss@aau.at
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* Uncertainty information per pixel leads to:
— Probabilistically consistent information propagation
- Inherent map with uncertainty
— Probabilistically consistent link to motion states

als

E A
. LN
F L. lﬁ -

A

motion

uncertainty
map

time

[Hardt-Stremayr and Weiss, “Monocular Visual-Inertial Odometry in Low-Textured Environments with Smooth Gradients:
A Fully Dense Direct Filtering Approach”, ICRA 2020]

30.11.21 Stephan.Weiss@aau.at 16



.. ontrol of
| | e Fully Dense VIO S

[ pisplays
Queue Size 10
Channel Name intensity
Use rainbow
Min Color Mo 00
Max Color [J255; 255; 255
Autocompute Intens...
Min Intensity 0
Max Intensity 1

» @ status: warn

Image Topic /ssf_core/intensityPredicted
Transport Hint raw b

Add Duplicate || Remove Rename

& Image %]
No Image

= Image

No Image

[Hardt-Stremayr and Weiss, “Monocular Visual-Inertial Odometry in Low-Textured Environments with Smooth Gradients:
A Fully Dense Direct Filtering Approach”, ICRA 2020]

30.11.21 Stephan.Weiss@aau.at 17




.. Fully Dense VIO —
| | PGS (back-up) e

 Fully Dense Direct Filter for Low-Textured Environments with Smooth
Gradients
— Tightly coupled filter frame takes all pixels into account
— Predicts core state as well as depth for each pixel
(building dense 3D map of environment)

— Works in low-textured environments with smooth gradients

[Hardt-Stremayr and Weiss, “Monocular Visual-Inertial Odometry in Low-Textured Environments with Smooth Gradients:
A Fully Dense Direct Filtering Approach”, ICRA 2020]

30.11.21 Stephan.Weiss@aau.at 18
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* We use a set of sensors to estimate the state of UAVs
- IMU data for state dynamics
- Sensors for update: Camera, GPS, Pressure, Magnetometer, etc.
: : : Delays?
« Sensor output given at different rates with unknown delays Self-Calibration?

Observability?
Convergence?

rPropagation

Sensors:
Cam
Pressure
GPS
Magneto
meter

J

[Allak et al. “Covariance Pre-Integration for Delayed Measurements in Multi Sensor Fusion”, IROS19.]

30.11.21 Stephan.Weiss@aau.at 20
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* Delays require re-computations of previous measurements
* Re-computation of uncertainties leads to computation spike

IMU

Cam

. Sensor

delay

Pressure . .

GPS . .

Magnetometer . .

4

_J I AR R NN = =

Cf | DEESSROREES

m
PN
T

Redo all

IR EERN]
[Allak et al. “Covariance Pre-Integration for Delayed Measurements in Multi Sensor Fusion”, IROS19.]
[Allak et al. “Consistent Covariance Pre-Integration for Invariant Filters with Delayed Measurements”, IROS20]

30.11.21 Stephan.Weiss@aau.at
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* Merge scattering theory with invariant Kalman filters
- Use covariance pre-integration for fast propagation
- Formulation as invariant filter for independence on linearization points

— Result; fast and consistent estimator
ANEES EKF with Reset

dr
1 === [EKF Star Product
- wranees EKF Star Product
: === [EKF Recalculation
o 25 : wissns EKF Recalculation
) .. . -~ Bl b S s 99% Confidence
800 L Correct linearization points / : g
Estimated linearization points \ 3
Reference : : =
600 ) 2Lt : i
— == [EKF / o ik : i :
A | asseils EKF & \ . :
[® > K i .
> 400 () Relative updates = '-:h : .
15F b i - L.
200 F : o Ya
Y e X : - . ™Setne
_.________________1.,.13.____._1-_-*.*,.,.______._.__.-,__
0 ' : 1 h |
§ Angt - = -
500 0 500 1000 iﬂh‘g‘kﬁw i = P Yoty ¥ »
0.5 |

300 550 600 650 700 750 800 850 900
time steps

[Allak et al. “Consistent Covariance Pre-Integration for Invariant Filters with Delayed Measurements”, IROS20]

30.11.21 Stephan.Weiss@aau.at 23
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 Combine fast covariance (re-)propagation with the ability to modularly add
and remove sensors during mission time
* Fully self-calibrating framework of sensor extrinsics

Classical Approach

B —Full Filter
—Modular Filter

Mean - Full Filter

Mean - Modular Filter
----- 30 Upper ANEES Bound

T

1.5

B

ANEES

0.5

0 | | ] | | | | | |
0 100 200 300 400 500 600 700 800 900
time [s]

github.com/aau-cns/mars_ros

[Brommer, Jung, Weiss “MaRS: A Modular and Robust Sensor-Fusion Framework”, RA-L, November 2020.]

30.11.21 Stephan.Weiss@aau.at 24
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* Estimators based on geometric observers o
- Invariant, equivariant Kalman Filter
- G U a ra n teed CO n Ve rg e n Ce Robot trajectory on manifold

Manifold
— GroundTruth
—M-IEKF
—MC-EKF

 Manifold constrained estimators v
- Mapping from the manifold to the
low-dimensional space via chart

- Perform consistent estimation on that space

v [111] 60 65

70 75 -

X [m]

(Measurement)

Imconsistentfuswon)

Robot state

[Starbuck, Fornasier, Weiss, Pradalier. “Consistent State Estimationon Manifolds for Autonomous Metal Structure Inspection”, ICRA21]

30.11.21 Stephan.Weiss@aau.at 25
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« Statistically relevant consistency and robustness analysis:
- VINSEval: fully automated (Unity3D & ROS)

N

VIS EVAL
v

github.com/aau-cns/vins_eval

Score Open-VINS Score LARVIO Score VINS-Mono Score ROVIO

llluminaf tion llluminal tion llluminaf ttion lllumination

Am t Amount Amount .
IMU Noi IMU Noi Features IMU Noise| / Features IMU Noise
Time Delay

Time D{y

[ Logic Unit ]
start A params start ' end
Y end t l l
’ (" Rendering Unit ' \
e @
— " Ros Bridge | S
_, | Input Data mages | Qutput Da i
g Ha|:1dler A— | Handler - Ef‘
Rendering
N/ — -/
] imy 1‘
ground truth
f=a
sz Statistical | < A D E—
- Evaluation : :
oot oY« (Ctimatorh )
- J

[Fornasier et al. “VINSEval:Evaluation Framework for Unified Testing of Consistency and Robustness of Visual-Inertial Navigation System

Algorithms”, ICRA21

30.11.21 Stephan.Weiss@aau.at
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e Taking all information: What can it be used for?
— a motivation for system self-calibration

* More sensors introduce more variables (intrinsics, extrinsics)
- Despite good measurements, system input might be insufficient

o
Cam /
> [
/
unobservable /’observable
IMU - -

[JA Preiss, K Hausman, GS Sukhatme, S Weiss, "Trajectory Optimization for Self-Calibration and Navigation" Robotics: Science and Systems
(RSS), 2017]

[K Hausman, J Preiss, GS Sukhatme, S Weiss, "Observability-aware trajectory optimization for self-calibration with application to uavs", IEEE
Robotics and Automation Letters (RA-L), 2 (3), 1770-1777, 2017]

[JA Preiss, K Hausman, GS Sukhatme, S Weiss, "Simultaneous self-calibration and navigation using trajectory optimization” The International
Journal of Robotics Research (IJRR), 2018]

30.11.21 Stephan.Weiss@aau.at 28
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User 1 Bl ' B T
mmht_” ....... S S— -

w 0.06} - s e
2 E
T 004} - N
002} -
0
time [s]
0.1
User 2 0.1
i : : i 0.08
0.08 . 8 _ ....... ....... ....... .......
_______ 4 W TS e w 0.06 |-
i i G e S R %
= ; : : : =
e goaf M b ....... ....... ....... c no4l..
0.02 \ ............................. 0.02
0 10 20 30 40 50

time [s]

time [s]

[Hausman et al., “Observability-Aware Trajectory Optimization for Self-Calibration with Application to UAVS”, RA-L/ICRA 2017]
[Preiss et al., “Trajectory Optimization for Self-Calibration and Navigation”, RSS 2017]
[Preiss et al., “Simultaneous self-calibration and navigation using trajectory optimization”, IJRR 2018]
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Observability aware motion has (so far) no specific boundaries in space and time
* Problem: obstacles, time to arrival
* Does include dynamic feasibility

ldea: “wiggle” around existing path solutions for best observability g,
» Collision-free path within feasible volumes (polytopes)

» Maximizes observability/convergence, eliminates unobservable modes

14
12
10

obstacles and (local) map

0

position [m]

20

[Hausman et al., “Observability-Aware Trajectory Optimization for Self-Calibration with Application to UAVS”, RA-L/ICRA 2017]
[Preiss et al., “Trajectory Optimization for Self-Calibration and Navigation”, RSS 2017]

[Preiss et al., “Simultaneous self-calibration and navigation using trajectory optimization”, IJRR 2018]

[B6hm et al., “Filter-Based Online System-Parameter Estimation for Multicopter UAVs”, RSS2021]

[Bohm et al., “Combined System Identification and State Estimation for a Quadrotor UAV”, ICRA 2021]

30.11.21 Stephan.Weiss@aau.at 31




'l' __ Ad-hoc Observability Aware —
UNIVERSITAT ) ) %etwork:J
KLAGENFURT Re-Cahbrahon i

* Problem: minimum energy paths yield poor observability

* |dea: Probabilistic state estimators trigger re-calibration
Select most informative sub-trajectory from bundle

min-snap + 0| q° shift trajectory splice
spliced + o

0 | | | | | |
0 1 2 3 4 o 6 7

Ad-hoc path adaptation for fast in-flight state re-calibration

[Preiss et al., “Simultaneous self-calibration and navigation using trajectory optimization”, IJRR 2018]

30.11.21 Stephan.Weiss@aau.at 32
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* “More data is confusing — at least until there is enough of it”
- Using all data in images for vision based navigation in low-textured areas

“Enough data” allows for system self-calibration improving localization and
recovery in challenging situations (self-healing)

* Multiple sensors lead to resilient navigation in challenging situations
- Sensor delay as major issue in real-time applications (re-computations!)
— Correct uncertainty estimation as a challenge versus complexity
- Leveraging geometric properties helps for consistency

* System self-awareness for improved localization
- Require (observability aware) motion for system self-calibration
— Correct uncertainty estimation to trigger self-healing motion

30.11.21 Stephan.Weiss@aau.at 43
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Visit us at our
research Website
(incl. people, papers
and many videos):

TEAM PUBLICATIONS VIDEOS TALKS JOBS PHOTOS DATASETS

http://sst.aau.at/cns
http://uav.aau.at

One time for all: Synchronising time in
drone swarms
Wherever several clocks tick simultaneously, it is tricky to get

them all to display precisely the same time. Thiscan be a
challenge for...

= Romy Miller
Feb 14
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