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Micro Patterns Intelligence™

Reduce Fuel and Maintenance Costs
with Driving Micro Patterns
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47% of the Fleet TCO Driven by Driver Behavior

35% difference in fuel Huge savings in repair Harsh braking and Flattening the accelerator
consumption between costs from reductions in sudden acceleration leads to more crashes,

a good driver and a hard acceleration and leads to 75% increase in more claims and larger
poor driver deceleration tire costs. claims.

All problems have clear patterns in the OBDII granular time

OBDI I Data I ntEI I 'gence series data that can be identified, monitored and predicted



Value of Granular Time Series Data

Sensors and devices (CAN Loggers) collect the “heartbeats” of everything
= Knowing the good and the bad “heartbeats” is gold

By monitoring the “heartbeats” you can save or make money




The Value of Identifying Meaningful Shapes
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Range of Opportunities to Monetize OBDII Data




Pulling the Golden Nuggets from The Haystack Drivers’ Footprints &
Engine Health:
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Pattern Search Can Find Operational Issues Precisely
when they Occur
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How It Works?

Machine profile data to
identify distinct pattern
categories

Review categories
with experts to
catalogue meaningful

patterns

Monitor and report
occurrences to save costs
and improve safety



Shape Examples in OBDII Data

(Steering Wheel Angle & Speed Can Signal Sudden Maneuvering)
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Shape Examples in OBDII Data

(Acceleration and Fuel Concumption)
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Driver Benchmarking
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Our Approach



Shape Intelligence: Learning the Language of Machine Data
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Shape Intelligence

How do humans and
machines learn the

differences between
these two shapes?

i

. Learning the Language of Machine Data

&

Human Learning:

®Recognize shape
differences immediately

®| earn the differences from
a few examples

®|dentify known shapes
instantly

Machine Learning:

"Requires thousands of
pictures to train the model

"All pictures have to be
labeled precisely by
humans

®Small shape differences
confuse machines




Alleviating the Key Pain Points of Machine Learning

Harvard MIT
Business Technology
Review Review
The way we train Al is
Small Data Can Play a Big Role in Al fundamentally flawed
by H. lamas Wilson end Paul R, Deugnarty The process used ta build most of the machine-learming models we
eéanimry 7. 3000 uze today can't tellif they will werk in the real world or not—and

that™s a proflem.




Peer-Reviewed Research and R&D Grants

This paper has been accepted and is curremtly in production.
i will appaar sharily an 100219624380
The Fnal accepled version (not copyedited yet) is in this tab.

A Personalized Monitoring Model for Electrocardiogram (ECG)
Signals: Diagnostic Accuracy Study

Rado Kodorow; Lianhua Chi; Min Shen

JMIR Publications

Advancing Digitad Health & Open Schence

v

ABSTRACT
Background:

Lalaly, tha damand Tar remola ECG maniloring has incraasad draslically because of tha COVID-19
pandemic. Ta pravent the spread of the virus and keep individuals with less savere cases oul of
haspilals, mora palients ane having hoarl diseasae diagnosis and manitoring remalely at home. Tha
efficiency and accuracy of the ECG signal classiler are becoming morne impartant because false
alarms can averwhelm the system. Therefore, how o classily the ECG signals accuratedy and send
alerts to haalthcare prafessianals ina timely tashion 1s an urgent problem 1o be addressed.
Objectiva:

Tha primary aim of this research is lo creals a robusl and easy-lo-configure solulion Tor moniloning
ECG signal in real-world sellings. We devalopaed a lachnigua Tor building personalized pradiction
medals o addross the issues of genaralized models bacause of the unigueness of hearbaeats [19). In
most cases, doctors and nurses do not have data scdence background and the existing Machine
Learning modeks might be hard o configure. Hence a new technigue 15 required IT Remote Patient
Monitoring will take off on a grand scale as 1s needed due 10 COVID-19. The main goal is o develop
a technique that allows doctors, nurses, and other medical practitlionars o easily configure a
personalized model for remate patient monitanng. The proposad madel can be easlly understaced and
configured By medical practitieners since [ requires kess raining data and fewer parameters o
configure.

Jsurnal of Multidisciplinary Engineeriag Scieace and Technslozy (JMENT)
ISSN: 24585908
Vol T honr 7. July - 220

Financial Time Series Forecasting Based On
Motif Discovery

A case study in foreign exchange rate

Min Shen Rado Kotorov Lianhua Chi
Quantitatve Resaarcher CEO Department of Computer Science and |7
Trendalyze Irendalyze La Trobe University
New Jersay, United States New Jersey, Unitad States Meibourne, Ausiralia
rachel.shen@trendtrade.lo rado kotorovi@trendalyze com L.Chi@latrobe.edu.au

Abstract—The objective of this research is to
provide empirical evidence that motif discovery
can be applicable to predict financial time series.
Two prediction methods based on motif discovery
(One Motif Approach and Integrated Motif
Approach) are proposed, which apply adaptive
dissimilarity index [6] with Complexitydnvariant
Distance (CID) [2] as the similarity measure. This
paper extends the work proviously introduced by
Ismailaja [12]. Tests are conducted based on
relatively large financial time series datasets for
foreign exchange rate, and result shows that the
new prediction model is more efficient with less
computational complexity and higher forecasting

accuracy compared to previous model,

Keywords — motif discovery; financial time
series; forecasting; adaptive dissimilarity index;
CiD; foreign exchange rate

1 INTRODUCTION

Time serles forecasting I a commen problem In
varous domans, Induding manufacturing, agriculture,
retall, and tourdsm, etc. Armeng them, financial time
seres forecasting & extremely challenging and has
been studied exlensively for years. Except traditional
statstical models, there are also models based on
maching learing techniques, induding artificial neural
networks [17] and suppart veclor machines [16] 1o
peedict inancial lime seres

[Il. LTERATURE REVEW

Molif discovery has been widely shxSed in
bioinformalics for detecling biosequences for years
[23]. It can also be applied to medical data o defect
anomalies in heart rhythm and blood pressure [22] A
fime seres motif is defined as a frequently recurrent
patiemn throughout the time senes [20]. And motif
discovery is the process of detecting and locating
previously defined patterns in time senes datasets
[21]. An efficient motf discovery algorithm can be used
as a3 data mining tool to summarize and analyze
massive time series data.

Many of the motd discovery methods are based on
searching a discrete approximation of the time serles.
To achieve dimensionality reduction, Agrawal et al. [1)
used Discrete Fourler Transform (DFT) for processing
similarity queries. Chan and Fu [4] contended that
Discrete Wavelet Transform (DWT) can be effective in
replacing DFT in many areas of study, induding image
[9], speech [14] and signal processing [13]. There are
algo  algxithrms ulilizing Piecewise  Aggregate
Approximation (PAA) as the discretization technigue
[15][18][27]. Tanaka et al. [25] appled Principasl
Component Analysis (PCA) to reduce dimensions of
data and dscoversd a molif based on Minimum
Description Length (MDL) principle. More recently
there are senies of algorithms based on Matrix Profile
fechmque, which can improve the performance and
ncrease the scalabiity of data [19][26] In order to
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Peer-Reviewed Research & Books

Gesture Classification in Robotic Surgery using Recurrent Neural Networks
with Kinematic Information

E.B. Mazomenos', Dave Watson:, Rado Kotorov: and D. Stoyanoyv’

Wellcome/LPSRC Centre for Interventional and Surgical Sciences, Department of Computer
sity College London, London, UK.
Trendalyze Inc., London, U K.

INTRODUCTION
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MATERIALS AND METHODS

The JHULISE Ge 1 Assessment Working
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Standardize Driving Behaviors with TRENDALYZE
Micro Patterns Benchmarking Micro Patterns Intelligence™




