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Project Objectives and Scope

é to integrate GNSS (including European Galileo and EGNOS) and different
environmental perception sensors to provide situational awareness to the vessel

é to implement Machine Learning (ML) algorithms to detect targets at long-
range and short-range, associate them, and perform ranging to them

é to perform proof-of-concept validation campaigns on-board relevant vessel
platform

Sensors within the scope: GNSS, visual cameras, microphones, LIDAR*. Vessel
data such as GNSS, RADAR*, weather information, and AlS.

Out of scope: real-time operation, continuous operation, other sensors on-board
the vessel, automatizing other functions of the vessel
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Project Consortium

A

Aalto University

x Project management x Al algorithms for fusion of

x Sensors i assembly and data from all sensors
integration x Feature extraction and

x Testing and validation recognition

campaigns x Learning-data recording

] Fleetrange

End-user requirements

Test equipment requirements
Data access from ship x Tallink Megastar, Valmet,
systems Wartsila (sub-contracts)

Assistance in the validation x Validation phase and

campaigns access from ship-systems
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AUTONOMOUS
SITUATIONAL AWARENESS
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Operational Requirements - Positioning

System level parameters Service level parameters
Absolute Integrity Availability Continuity Coverage Fix interval’
Accuracy %o per %o over (seconds)
Horizontal Alert limit Time to alarm’ Integrity risk 30 days 3 hours
(metres) (metres) (seconds) (per 3 hours)
Ocean 10 25 10 10 99.8 N/A! Global ]
Coastal 10 25 10 10° 99.8 N/A Global 1
Port approach 10 25 10 10 99.8 99.97 Regional 1
and restricted
waters
Port 1 25 10 107 998 99.97 Local 1
Inland 10 25 10 107 99.8 99.97 Regional 1
Walerways
Figure 12¢ IMO Res A.915(22)User requirements for general navigation
~ o
,' \ S}Tsléﬂ"l tevel parameters Service level parameters
Accur a,'c y \ = “mtegrity Availability | Continuity | Coverage Fix interval’ |
. . 1 . » =
Horizontal ;(femcal V[ Alert limit Time 12( Phases Horizontal [m] Vertical [m]
(metres) (metres) 1| (metres) alarny
I \ (second
Operations Relative accuracy | Hydrography 1-2 0.1
*  tugs and pushers 1 2.5 10 Dceanugraphy 10 10
i 1 2.5 10 . . . X
. lcebreak_ers — Marine engineering, construction,
e automatic collision 10 25 10 )
avoidance I ! maintenance and management (absolute
Absolutelacturacv I dCcu racy]
s track control 10 N/A | 25 10 | - Dredging 0.1 0.1
s automatic docking 0.1 0.2 10| - Construction works 0.1 0.1
Traffic managementj Absolute pecuracy Port .
¢ ship-to-ship 10 25 10 ort operations
co-ordination L I (absolute accuracy)
»  ship-to-shore 10 \ I 5 10 | - Container/cargo management 1 1
co-ordination \ I L
n - Law enforcement 1 1
s  shore-to-ship traffic 10 \ /i 25 10 -
management \ / - Cargo handling 0.1 0.1
\ 7 Offshore exploration and exploitation
*
. i absolute accurac
Figure13c IMO ResA 91522) ¢ Userreg-- v)
S - Support to production 1 N/A*
. A A ~ X
A Khatun,etal. a t NB f AStadyghlUiliBing GNS$asedTechniques,| - Post-production 1 N/A*

for EnhancedHeight Estimation for Vesselsin Finnish2 | 4 SNB | € 4¢ =
Publicationsf the FTIAL8/ 2021




Operational Requirements

Object Detection

Maritime

Recommended :
Target : Detection Scheme
Detection Range
Ship of size >50m with Class-AAIS 8NM Long-Range
Ship of size 12-50m with Class-A AIS 5NM Long-Range
Boat of size <12m with Class-B AIS 5NM Long-Range
Boat of size <12m without AIS 2NM Long-Range
Fixed radar mark 8NM Long-Range
Ice buoy 3NM Long-Range
Port/marina buoy INM Short-Range
Kayak-size object 1INM Short-Range
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Positioning Recelvers

Nominal Scenario Multipath, Fading Scenario Interference Scenario
Top_gp‘ta.enna

- - A y
| ] r | A
(Y A
R h b‘ Mixer ‘4—{ Attenuators ‘
—_— )y —— — H

Top antenna
_,,——,\\

L

.' _‘
Splitter e Splitter
. Splitter
, v v ¥ v -
Commercial-grade Mass-market _ _ Commercial-grade Mass-market v v
_ _ Radio FE 1 Radio FE 2 Radio FE 1 Radio FE 2 Commercial-grade Mass-market
recevers receiver receivers recewver Radio FE 1 Radio FE 2
receivers receiver
Computer 1 Computer 2 Computer 1 Computer 2
Computer 1 Computer 2

x Novatel + RTK for precise positioning
x Topcon and u-blox receivers used for longer data analysis
x Recorded raw data was processed with software receivers

x  FGI-GSRx (in-house) Matlab receiver (post-processing)
x  GNSS-SDR C++ receiver (real-time like mode)
x  RTK-Lib for EDAS operation

X

~10 cm accuracy with RTK, better than 3 m accuracy with multi-constellation
multi-frequency GNSS (including Galileo and EGNOS) ®



Signal Multipath and Interference Simulations

1.5

Channel Quality Index

Channel Quality Index (CQl) for the tracked GPS satellites

Channels with multipath

CQI plot for GPS L1
Lov-slemtad st satellites under
multipath scenario

CQI Upper bound

Channels \‘,vith no multip‘ath |

CIN, [dB-Hz]
CIN, [dB-Hz]
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Visual Sensors
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Overview on image processing

Data labelling ; > Data which have AIS

Compute real-world
5 bearing of objects
j | based on AIS

Training set Training and test data with
l | (x,y)-pixel location and

Deep CNNs New data physical bearing

l 1

Trained model :
ained mode Regression

l

Predictions

O

Object | Bearing
detection | estimation
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Example results

salling_boot [99.18)

buoy [70.98]

buoy (97.17]

buoy [92.30]
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Example results

Example of buoy (without AlS) detected at long-range
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Example results

—

Example of buoy (without AlS) detected at long-range
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Example results

Two buoys are detected by the camera at short-range. MS Finlandia is
detected with Camera and AlS. The estimated bearing (-3 2 .
camera is very close to true bearing (-33. 3 ) fr @
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Example results

Example of simulating the effect of poor weather on object detection from
camera. An artificial layer of fog is added to the original |mage®
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Example results

Example of short-range detection and data association of @
MS Star



Conclusions and recommendations on image processing

Data labelling:

X

X

Requires extensive amount of human expert effort.

Difficult to choose a reasonable subset from the entire data because most of
the images contain no useful information (i.e., just ocean and sky). Hard to do
this automatically.

Need to set an annotation standard. Labelling might be subjective depending
on the expert (e.g., if a ship appears too small in a big image should one label it
or not?).

Data is very imbalanced. In our current data, majority of the targets are sailing
boats followed by cruise and buoy. Buoy data are very limited.

Difficult to get valuable data in wintertime.

Recommendation: data annotation should be delivered to profession teams
(e.g., some data labelling companies).

©



Conclusions and recommendations on image processing

Camera calibration for bearing estimation:

x The unknown functiony = f ( x) is affine, where x is the horizontal pixel location in
image, and y is the physical bearing of object.

x Simple linear regression, where data are from AlS, GNSS, and labelled images.
Requires very few data. We got error less than 2 deg by using only six samples.

x Camera positions cannot change, otherwise it needs Recalibration.
x Range estimation is difficult due to high non-linearity near the horizontal line.

Image detector training:

x Compared with single shot detector (SSD) and you only look once (YOLO) detectors.

x SSD is much faster (maybe due to implementation), while YOLO is significantly better
on detecting small targets.

x YOLO with 29 and 137 layers perform very similarly. Training is GPU-expensive, while
prediction is not.

Detecting small objects:

x |tis very important in maritime scenario, but it is also very non-trivial. The sub-cropping
procedure we are using is a trade-off between performance and computational time.

©



Stereo Vision

LeftCamera Right Camera

. image
image

FLIR Bumblebee
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https://www.azom.com/article.aspx?ArticlelD=16003
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Camera image Disparity image
https://www.fsi-embedded.jp/en/product/fsi/stereo-vision/ ‘3



https://www.fsi-embedded.jp/en/product/fsi/stereo-vision/
https://www.azom.com/article.aspx?ArticleID=16003

Stereo Vision: Strengths and Weaknesses

x  Strengths:

x Only needs a pair of cameras, cheap, efficient, cameras are ubiquitous in robotics
applications

x Weaknesses:
x Not as accurate as LIDARs or RADARSs
x Distance estimation error grows quadratically with respect to distance

Az = ZAD
Stereo Vision: Examples

x Autonomous cars and drones
x Distances: short (< 200 m)
x Extreme example: planetary objects

x Danescu, Radu, et al. "Long baseline stereovision for automatic detection and ranging
of moving objects in the night sky." Sensors 12.10 (2012): 12940-12963.

x Distances: about 1000 km
x Errors: dozens of kilometers (few % of distance) ®



Stereo Vision: Maritime Al -NAV

x Solving the distance is standard, if accurate calibration is available

x Calibration = intrinsics + extrinsics = projection parameters and relative pose
x Challenge: accurate calibration needs nonstandard methods

x Constrained bundle adjustment vs full bundle adjustment

Bundle Adjustment

x Joint optimization of camera parameters, pose, 3D-points
x Complicated, but possible

x Usually, special assumptions are made to simplify this

MiNe, 5. Z” Vi ;d(Q(¢i, pj), Ti,j)

Qi = Ko(R[t)sK{ ',



| Calibration: Standard Methods

>
-
- ..
x> 4

https://docs.opencv.org/master/dc/dbb/tutorial _py calibration.html



https://docs.opencv.org/master/dc/dbb/tutorial_py_calibration.html

Calibration: Full Bundle Adjustment
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Stereo vision: Results

x As expected, errors grow as distance grows

x Generally: results are decent to up to one kilometer, but they start to get worse
quite rapidly after that

Targetship | M SlGNea) | ateron vision)
MS STAR 1.3018 1.06253
MS STAR 1.078 1.042
MS FINLANDIA 0.9877 1.0249
MS ROCAMAR 6.565 5.6214
Conclusions and Recommendations

x  Stereo vision cannot compete with RADARSs or AIS in open seas

x Potential to be useful in small waterways or other low distance scenarios (such as
docking)

x Worth further research due to the usefulness of cameras in situational awaren&
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Direction Estimation of a Wave
i

x Source is assumed far away Distant

x Source is periodic periodic
source

A

\\9\

x Incoming sound waves are recorded
stored and processed

N :

. Microphone I
array on -

Megastar b b %
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Microphone Set -up

x Equilateral arrangement of microphones
x Side length =0.5m

x Audio sampled at 50 KHz

x Installed on top of bridge of MS Megastar
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Ferry Horn Events

x Horn sounds and AIS data from Intensity (i)

targets was captured 8
x Typical horn sound frequency: | I

MS STAR ~134 Hz
MS FINLANDIA ~170 Hz
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Direction Results

Absorber Horn sound bearing estimations

Event1:10-Dec-2020 09:17:53 EventF; Event2:10-Dec-202010:17:25 EventF; Event3:10-Dec-202012:18:13 Event F’1

0s
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02

0

Event5:10-Dec-2020 15:20:00 Event P1 Event6:10-Dec-202018:22:00
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Direction Results

x |t takes 56 ms to process 1 s of microphone audio in Matlab®

x Best estimate of RMS error is 6.94 deg, while overall RMS error is 20.1 deg.

ONot detectedd is for respective thre
Event Encounter Start Time Ship Error RMS deg Absorber
1 10-Dec-2020 09:17:53 UTC Star 11.04 Yes
2 10-Dec-2020 10:17:25 UTC Finlandia 6.94 Yes
3 10-Dec-2020 12:18:13 UTC Star 51.62 Yes
4 10-Dec-2020 13:17:26 UTC Finlandia 9.30 Yes
5 10-Dec-2020 15:20:00 UTC Star 16.50 No
6 10-Dec-2020 18:14:00 UTC Star Not Detected No
7 03-Dec-2020 09:19:00 UTC Star 23.30 No
8 03-Dec-2020 10:11:00 UTC Finlandia 37.33 No
9 03-Dec-2020 12:19:00 UTC Star Not Detected No
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Sensor Fusion
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Sensor fusion/data association

AlS and GNSS Cameras Radar Mircrophones

<> Obj1, 16 deg — Obj1, 11 deg — Obj1, 30 deg
Obj2, -1 deg Y— Obj2, 15 deg — Obj2, -12 deg

Obj, 17 deg

— Obj3R0 deg Obj3, 5 deg — Obj3, 16 de

Associated object

. &

General diagram of data association i
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Example results
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Example results

-
N~

ﬂ

O

FINNISH GEOSPATIAL
EE]SEARCH INSTITUTE

T
N e

o\\\" W\

&



Example results




Example results
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Example results

Example of data association with RADAR, AIS, GNSS, and @
camera




Sensor fusion/data association

Example of short-range detection and association with RADAR, @

AlS, GNSS, microphones, and camera
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Example results (Effect of GNSS with impariments)

Fading/

multipath LU

Normal

Number of time epochs

. 973 1645 4142
used for averaging

Average absolute error

of distance (m) e 9.67 8.02

|

Comparison of ranging error when using GNSS without
impairments and when using GNSS with jamming and multipath
Impairments
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Sensor fusion/data association conclusions and recommendations

x AIS mostly dominatesthelong-r ange detection ( O 9 km).
and easy by using Pandas. Calculating distance and bearings between objects
from longitude and latitude is handled by GeoPy package.

x |f multiple targets have the same bearing, then they cannot be distinguished. To solve
this problem, more information from sensors are needed, e.g. range to the target.

x Getting range from cameras and microphone prove to be non-trivial.

x Cameras are particularly good for short-range detection. Cameras have limitations
towards detecting long-range targets because many maritime objects appear very
small in camera images.

X In short-range detection, fast-moving targets are difficult to capture. Because it go
blurry in the image, and it also requires high AIS data frequency.

x Hard to associate horn events due to the sound processing algorithm performance.

©



Feasibility Study of
LIDAR -based Detection
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Measurement set up

U Investigate the fundamental ' - .
and theoretical applicability Scanning area (FOV) | 14.5A(Horizontal) I 16.2A(Vertical)
of the LIDAR towards Laser wavelength | 905 nm
maritime target detection Laser safety Class 1 (IEC 60825-1:2014) (Safe for eyes)
U Livox Tele-15 is utilized for e el <2cm (5to 70 m), <4 cm (70 to 120 m) @ 10% reflectivity
this test. de <2 cm (5 to 220 m), < 4 cm (220 to 380 m) @ 80% reflectivity
U The visibility of three different |Pulse rate 240 kHz
sizes of vessels and Beam divergence 0.02A(Horizontal) T 0.12A(Vertical)
eStlmated deteCtlon Wlth Angu|ar resolution < OOSA
respect to the detection Range 320 m @ 10% reflectivity, 500 m @ 50% reflectivity

distance up to 1000 m

U Impact of the framerate for
detecting a target

MS Megastar MS Star
*All MS MEGASTAR and MS STAR images courtesy of Tallink, HSL Ferry image courtesy of HSL
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Results

Front view

Backside view
Side view
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Points in the cloud; 68662 Points in the cloud; 52983 Points in the cloud: 32170 Points in the cloud: 19677 Points in the cloud: 13419

Points in the cloud: 8499 Points in the cloud: 6034 Points in the cloud: 2841 Points in the cloud: 746 Points in the cloud: 668

Points in the cloud: 422 Points in the cloud: 158 Points in the cloud: 93 Points in the cloud:45 Points in the cloud:43
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