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Larus Technologies est. 1995

» Wholly owned Canadian engineering and product company
» Over 20 years of experience in defence and public safety awareness
» Specializing in predictive analytics and decision support software products
» NATO Secret FSC, Controlled Goods Program Registered
» Protected B level security

» Products and research capabilities in computational intelligence (Cl) and predictive analytics for:
» National and Public Security and Safety Systems
» Domain Awareness (Sea, Land, Air, Cyber)
» Command and Control Decision Support

» Recognized leaders in Cl and information fusion research and product development

» NATO Communications and and Information Agency (NCIA) Top Innovator 2017
» NSERC Synergy Award for Innovation 2016 (Small and Medium-Sized Companies)
» IEEE Cl Society Outstanding Organization Award 2015
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Project Objectives

> Project Thesis
> The exploitation of the tidal wave of sensor/human data emitted by a myriad of maritime entities
(or actors)
will improve both internal and collaborative processes for mloT-related organizations

» Technical Objectives
» To provide decision support to maritime organizations and stakeholders by applying Machine
Learning and Computational Intelligence (Cl) techniques, namely fuzzy systems, traditional/deep

neural networks and evolutionary optimization algorithms within Big Data frameworks such as
Hadoop and Apache Spark.

» To validate the use of the above formulation in the context of maritime supply chain optimization

» Commercial Objectives

» To integrate real-time maritime supply chain optimization capabilities into the core of Larus’
Total::Insight™
Decision Support System (DSS)

» To market Total::Insight’s novel and differentiating features in a maritime loT operational
environment

1/25/2019 4
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Technology Definition

> Big Data (BD) and Internet of Things (loT) are becoming well-established
paradigms

» However their application to the maritime domain is still in its infancy

» “Datafication” of maritime entities constitutes the backbone of the maritime
loT (mloT)

= cranes, crates, berths, boats, aircrafts, pickup trucks, siloes, etc.

» Maritime operations are cast into the BD realm

» Volume: more descriptive types of sonar scans, higher-resolution radar images, information received from
other vessels

> Velocity: frequent radar scans or Automatic Identification System (AIS) reports
> Variety: various sensor systems are installed on the vessels

» Veracity: not all sensing systems are equally reliable, e.g., AlS can be intentionally spoofed to transmit fake
information

» Variability: the reported information is affected by the dynamics of the maritime region and by organizational
decisions
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Technology Solution (1): An mloT architecture
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Technology Solution (2): Four strategic research directions

1. High-level and context-aware information fusion [HLIF]

» Helps make sense of the multi-sensor, multi-type, rapidly-arriving, sizeable data streams
emitted by the mloT entities

» This involves securing access to both publicly available and proprietary data sources of
multiple
maritime-related organizations

= e.g., weather advisories such as Environment Canada, maritime shipping companies,
truck shipping companies, port authorities, etc

» Then it performs a centralized (i.e., server-based) pre-processing and high-level fusion of
this information to arrive at a Recognized Maritime Picture (RMP) and then perform:

* |mpact Assessment (Layer 3 Fusion) to determine the most suitable responses to the events detected
in the mloT network

= Process Refinement (Layer 4 Fusion) to determine the best resource allocation and asset configuration
that helps prevent risky situations in the future.

1/25/2019 7 ©2016 Larus Technologies Corporation. All Rights Reserved.
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Technology Solution (3): Four strategic research directions

2. Fog computing [FOG]
> a new paradigm that shifts the fusion and analysis capabilities closer to the data sources

> it alleviates the communication and processing overhead when this is done at the server
side
» this direction involves identifying:

= the algorithmic workflows that can be offloaded to the sensing nodes themselves

» the hardware/software requirements needed on each node to ensure an efficient
processing of these data streams

1/25/2019 8 ©2016 Larus Technologies Corporation. All Rights Reserved.
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Technology Solution (4): Four strategic research directions

3. Machine-to-machine communications [M2M]

» to propagate data, insights and decisions through the mloT network

> this includes investigating appropriate communication protocols that ensure:
= the privacy and confidentiality of the transmitted information

= the scalability and efficiency of the mloT network

1/25/2019 9 ©2016 Larus Technologies Corporation. All Rights Reserved.
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Technology Solution (5): Four strategic research directions

4. Decision support systems [DSS]

» goal: to present upper management, decision makers and users in general with the
outcomes of the data-driven analysis

> this direction heavily hinges on selecting:

= high-level information constructs (alerts, anomalies, trends, courses of action, behavioral
patterns, scheduling options, etc.) and

= appropriate Big Data visualization tools to present the analytics results to a particular
audience

= e.g., port managers, network operators, fleet personnel, and the like

1/25/2019 10 ©2016 Larus Technologies Corporation. All Rights Reserved.
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Project Details (1): Timeline and Funding Sources

> Timeline (24 months)
> January 2017 — January 2019

> 7 phases/milestones

Literature review

Data model, hard/soft sensor data acquisition and interface design & development
Algorithm design & development

Algorithm empirical evaluation

Scenario design and development

Total::Insight integration and testing

Final report and presentation

NoubkwhRE

» Funding Sources
» Ontario Centres of Excellence (OCE)
» Natural Sciences and Engineering Research Council (NSERC)
» Larus Technologies

1/25/2019 11 ©2016 Larus Technologies Corporation. All Rights Reserved.
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Project Details (2): Team

> University of Ottawa
> Prof. Emil Petriu, Principal Investigator (Pl)
> Dr. Roman Palenychka, Research Scientist (PDF, HLIF + Video Analytics)
> Dr. Ibrahim Abualhaol, Research Scientist (PDF, HLIF)
> Ms. Fatemeh Cheraghchi, PhD student (HLIF)
> Mr. Alex Teske, MSc. Student (DSS)
> Mr. Nicolas Primeau, MSc. Student (M2M)
> Mr. Ashwin Panchapakesan, Research Associate / Ph.D. Student (HLIF, FOG)

> Larus Technologies
> Dr. Rami Abielmona, VP Research & Engineering (R&E)
> Dr. Rafael Falcon, Project Manager (PM)
> R&E and Software Development (SD) team members as needed

1/25/2019 12 ©2016 Larus Technologies Corporation. All Rights Reserved.
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Project Details (3): Available Computing Infrastructure

> SOSCIP (Southern Ontario Smart Computing Innovation Platform):.
> Granted 2-year access to the following platforms

= Blue Gene/Q (BGQ) Platform [based at University of Toronto]
= a highly dense and energy-efficient supercomputer built around a system-on-a-
chip compute node with a 16-core 1.6 GHz PowerPC®-based CPU with 16 GB of
RAM
= well-suited for large-scale, distributed applications that can use 1,024 cores or
more at a time and require low-latency, high-bandwidth communication between
processors

= Cloud Analytics Platform [based at University of Western Ontario]
= Canada’s first research-dedicated cloud environment, combining cloud computing
with advanced analytics software
= ideal for complex data analysis, such as statistical weighting and ranking,

O managing and streamlining large data volumes from multiple sources, and data
mining

1/25/2019 13 ©2016 Larus Technologies Corporation. All Rights Reserved.
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Project Details (4): Available Computing Infrastructure

» SOSCIP (Southern Ontario Smart Computing Innovation Platform):

= Agile / FGPA Computing Platform
= First cloud-based agile computing research environment in Canada which uses

Field-Programmable Gate Array (FPGA) cards to accelerate software running on
high-performance computers

= SOSCIP GPU Cluster [based at University of Toronto]
= SOSCIP GPU Cluster consists of of 15 (1 login/development + 14 compute) IBM
Power 822LC "Minsky" Servers each with 2x10core 3.25GHz Power8 CPUs and
512GB RAM
= Each node has 4x NVIDIA Tesla P100 GPUs each with 16GB of RAM with CUDA

Capability 6.0 (Pascal) connected using NVlink

b

L L
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Scenario Overview

» Three scenarios were considered throughout the project:

1. Scenario 1 [intra-organizational]

= To allow a freight ship company to keep track of its fleet of freight ships and identify (in a risk-

aware fashion) those potentially disruptive events (i.e., active weather, piracy attempts, damaged
cargo, unexpected delays) in their shipping schedule.

= To allow the freight ship company to respond to these events in a way that minimizes cost and
maximizes operational efficiency

2. Scenario 2 [inter-organizational, 2 organizations]

=  Similar to scenario 1 but adding a Port Authority (PA) and investigating the repercussions these
events will have on the PA

3. Scenario 3 [inter-organizational, 3 organizations]

=  Similar to scenario 2 but adding a Trucking Company (TC) and investigating the repercussions these
it events will have on the TC

Lo L
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Scenario 1 Definition

1. Afreight ship company X (e.g., Maersk) was selected for analysis ~ “°F%%

2. Real-time AIS feeds for all ships in X’s fleet within a certain area of interest (AOIl) and
period of interest (POI) are available through Larus clients
3. Adverse events were simulated
=  active weather conditions
= piracy attempts
= damaged cargo
=  unexpected delays

4. Larus RMF provided a risk-aware view of situational elements (Level 2 Fusion) that
affect X’s operational efficiency

5. Larus RMF provided the automatic generation of multiple candidate responses
(Level 3 Fusion) to mitigate the risky events
= new path generation
= resorting to law enforcement
= etc.

-

Lo L
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Scenario 2 Definition

1. Multiple freight ship companies X, ..., X, and a port authority Y were selected o
for analysis
2. Real-time AIS feeds for all ships in each X/’s fleet within a certain area of interest
(AOI) and period of interest (POI) were available through Larus clients
Adverse events were simulated as done in Scenario 1
4. Larus RMF provided a risk-aware view of situational elements (Level 2 Fusion)
that affect each X/s operational efficiency
5. Larus RMF provided the automatic generation of multiple candidate responses
(from Y’s perspective) to mitigate the risky events
= reschedule ship loading/unloading operations
= reallocate resources (cranes, fantoosies, etc.)
= buying resources from other suppliers
= etc.

w

b

L L
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Scenario 3 Definition

1. Multiple freight ship companies X, ..., X, a port authority Y and a trucking
company Z were selected for analysis

2. Real-time AIS feeds for all ships in each X/'s fleet within a certain area of interest

(AOI) and period of interest (POI) werr available through Larus clients

Adverse events were simulated as done in Scenario 1

4. Larus RMF provided a risk-aware view of situational elements (Level 2 Fusion)
that affect each X/’s operational efficiency

5. Larus RMF provided the automatic generation of multiple candidate responses
(from Y’s and Z’s perspective) to mitigate the risky events
= reschedule ship loading/unloading operations

reallocate resources (cranes, fantoosies, etc.)

= buying resources from other suppliers

= etc.

w

b

L L

1/25/2019 18 ©2016 Larus Technologies Corporation. All Rights Reserved.



M

wN=181=

TECHNOLDEIES

Publication List (1)

1. Mining Port Congestion Indicators from Big AIS Data, 2018 International
Joint Conference on Neural Networks at Rio de Janeiro, Brazil, July 2018.

2. Modeling the Speed-based Vessel Schedule Recovery Problem using
Evolutionary Multiobjective Optimization, June 2018 Information Sciences
448-449:53-74 DOI: 10.1016/].ins.2018.03.013

3. A Computational Model of Multi-scale Spatiotemporal Attention in Video,
DOI: 10.1007/978-3-319-93000-8 15, Image Analysis and Recognition, June
2018.

4. Responding to lllegal, Unreported and Unregulated Fishing with
Evolutionary Multi-Objective Optimization, 2018 IEEE International
Conference on Computational Intelligence & Virtual Environments for
Measurement Systems and Applications (CIVEMSA 2018), Ottawa, Canada,
June 2018
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Publication List (2)

5. Automatic Identification of Maritime Incidents from Unstructured
Articles, 2018 IEEE Conference on Cognitive and Computational Aspects
of Situation Management (CogSIMA), Boston, USA, June 2018

6. Prediction of Container Damage Insurance Claims for Optimized
Maritime Port Operations, April 2018, Conference: 31st Canadian
Conference on Artificial Intelligence, Toronto, Canada, May 2018

7. Big-Data-Enabled Modelling and Optimization of Granular Speed-based
Vessel Schedule Recovery Problem, December 2017, DOI:
10.1109/BigData.2017.8258122 Conference: 2017 |IEEE International
Conference on Big Data (IEEE BigData 2017), Boston, December 2017
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Publication List (3)

8. A Reinforcement Learning Approach to Tackle lllegal, Unreported and
Unregulated Fishing , 2017 IEEE Symposium on Computational Intelligence
for Security and Defense Applications (IEEE CISDA 2017) At: Hawaii, USA,
November 2017

9. Automating Maritime Risk Assessment with Genetic Fuzzy Systems, 2"
International Symposium on Fuzzy and Rough Sets (ISFUROS), Varadero,
Cuba, October 2017

10. Extraction of Spatiotemporal Descriptors for Maritime Vessel Detection
using Attentive Sensing, British Machine Vision Conference (BMVC 2017) -
5th Activity Monitoring by Multiple Distributed Sensing (AMMDS) Workshop,
London, UK, September 2017

11. Continuous Risk-Aware Response Generation for Maritime Supply Chain
Disruption Mitigation, 2017 International Conference on Distributed
Computing in Sensor Systems (DCOSS 2017), Ottawa, Canada, June 2017
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1) Mining Port Congestion Indicators from Big AlS Data

Mining Port Congestion Indicators
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2) Modeling the Speed-based Vessel Schedule Recovery
Problem using Evolutionary Multi objective
Optimization
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3) A Computational Model of Multi-scale Spatiotemporal
Attention in Video Data

A Computational Model of Multi-Scale
Spatiotemporal Attention in Video Data

Roman Palemichka', Rafael Falcon™, Ramu Abielmona’™, Emal Petrm’

' Unrversity of Ottawa, Ottawa, Canada
*Larus Technelogies, Ottanva, Canada

Abstract. Thus paper descnibes a spatrotemparal saliency-based afentwon
meded in applications for the rapid and rolhast detection of objects of mterest in
video data. TH is based on the amalysis of feature-point aess, which comespond
1o the obyect-rélevant focun-of-attentson (FoA) pomis extracted by the propossd
multi-scale spatiotemporal operator. The operator design 15 inspired by three
cognitive properties of the human visual systent defection of spatial saliemcy,
percepiual fesfure growpeng, and motion detection. The model inchedes stentive
teaming meckansms for ohject representation = the form of featare-podnt de-
seriphor sety. The preliminary test resules of attention focusing for the detectian
of feanure-paint areas have confinned the advantage of the proposed computa-
tional mode] 15 s of its robusmess and localizfion accuracy over sioslar
existing detectors

Kevwords: spatiotemporal aflestion, vedeo dala amention operatar, local
stale, obpect detection, spatal saliency, propeny coberence, temparal changs
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4) Responding to lllegal, Unreported and Unregulated Fishing
with Evolutionary Multi-Objective Optimization

Responding to lllegal, Unreported and Unregulated
Fishing with Evolutionary Multi-Objective
Optimization
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5) Automatic Identification of Maritime Incidents from
Unstructured Articles

Automatic Identification of Maritime Incidents
from Unstructured Articles
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6) Prediction of Container Damage Insurance Claims for
Optimized Maritime Port Operations

Prediction of Container Damage Insurance
Claims for Optimized Maritime Port Operations
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Abstract. A compray opetating o s commeneial neapithme port often
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7) Big-Data-Enabled Modelling and Optimization
of Granular Speed-based Vessel Schedule Recovery Problem
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8) A Reinforcement Learning Approach to Tackle lllegal,

Unreported and Unregulated Fishing
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9) Automating Maritime Risk Assessment with Genetic Fuzzy

Systems

Auntomating Maritime Risk Assessment
with Genetic Fuzzy Systems

Abexander Teske', Rafnel Faleon'?, Bami Abiclmona'®, and Emil Petrin?
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Ahstract, Assessing the overnll risk of maritime entithes over Lme = a
prvolal e in Mot ime Bisk Assssaent (SIHA). This process [aegely
himges on haman expertise to charncsoriae the risk featnres of inferess
ms well ms their mathemntiond mslerpinnings aod the way in whach their
'||¢'n| |'n-h, CAFLHAELE ffe |L|r|||]|j:1|l|:|.||l|] Bk |.I1|.-||I||| dils ||'|.-I'|:n|.||' ||-':'.; I.":l|||||

I this pnger, we tnke steps towards nutomating this time-consiuming
vaicleavemie by learming the fagey mile bose (FRE) governing the Rk
Assrsmppenil maoclube of an existine Wisk Masgomant Fromework { Ry}
directly from dlata. We employ severnl genetic fzzy systens [ GF45s)
available i KEEL e apthnksy the membsaradp fumetbons and eam tese
structure of & FRE med for sk nssessment purposes, The propaossed
L hcdodopy = ikl rsbed witly vwo cast sl ies 1@ mmeibane survelinee
The cmpirical resulis ipdicate that the New Slave (NSLV) alporichm
geisermled the most aecurste FREs, while the Hylrid Genetjos- Bassd
Machine Learning {GRML) algorichim generated the most ingargiretakds
FRE=. To the besd of oor knowlbsdge, this ia the sl atfempt to apply
GFSs in MRA

Keywards: Moritimne Doanin Awaresiess: sk Mansgensent: Cepelie
Abgorithmes; Fagey Systoms; Multi-Ohjective Optimisation
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10) Extraction of Spatiotemporal Descriptors for Maritime
Vessel Detection using Attentive Sensing

Extraction of Spatiotemporal Descriptors for
Maritime Vessel Detection using Attentive Sensing

Roman Palenyehka' "University of Ottawa,
Rafael Falcon® Canada
Rami Abielmona® “Larus Technologies,
Emil Petriu' Omawa, Canada

Abstract

Thiz paper 15 dedicated fo flve robus=t exizaction of onage features awd descriphors
fos saubsequent i detecron m mantme videos, The anentive seiang appioach is
adopted for the desenptor-basad ship detechon nsmg object-rebeyvan featre ponit
arens, They arg mobastly extacted as salient maxionn lecations of the propesed
attention operator. Spatiotentporal descngiors are estmated in the featwe point aneas
in the fonn of cemesponding local descripter vectors. Different rypes of descropior
compoaenis sach as pose. planar shaps, Dfensity and temnporal change e
nonmalized and combined inte a local descripior vector. A novel descriptive eafity
enlled spabiotenparal featire-saliency patlern (SFSF) i proposed 1o tansfonnation-
ivanantly aggregate severnl descriptor vectors imto o single sef of featire-point
descnptors. Olect or event detection etfectively proceeds tlhoongh meiching of
current SF5Ps with the reference oes obtained by clustenng-hased machine lenming
procedures. Prebinunary fest resulfs have confinned the performance advantage of the
propossd SFSP-based method over existing descnptor eximaction algonthos for
b vessel debection
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11) Continuous Risk-Aware Response Generation for Maritime
Supply Chain Disruption Mitigation

Continuous Risk-Aware

Response Generation for

Maritime Supply Chain Disruption Mitigation
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12) Data-Driven Vessel Service Time Forecasting using Long
Short-Term Memory Recurrent Neural Networks

Data-Driven Vessel Service Time Forecasting using Long Short-Term Memory
Recurrent Newral Networks
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