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* NSTDA (National Science and Technology Development Agency)
* NECTEC (National Electronics and Computer Technology Center)
 AINRU (Artificial INtelligence Research Group)

e |PU (Image Processing and Understanding)
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Defining data driven innovation

DDI is the innovation and consequent economic and social value that arises from

the use of data analysis by private and public sector organisations to make better
decisions and create new products and services. DDI can support a very wide range of
innovations, including improving firm operational efficiency, developing new products
and services, making better investment and strategic decisions, and more effective
government interventions.

Data Driven Innovation in New Zealand
https://srgexpert.com/wp-content/uploads/2017/11/Data_lnnovation_Report_ WEB.pdf



Data related problem

* Who own data?

* Privacy

* Biases

* Unbalanced data

e Data missing & imputation

* Data sovereignty



"Classical" solutions

 Resampling
« SMOTE
* |mage augmentation

 Use game and simulators
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Aldraimli et al.
"Machine learning prediction of susceptibility to visceral fat associated diseases”
https://www.researchgate.net/publication/

343326638_Machine_learning_prediction_of_susceptibility_to_visceral_fat_associated_diseases



Image augmentation

https://imgaug.readthedocs.io/en/latest/



i Agent VNC view
at 8FPS

control
steegn®

“ot Neural net
outputs
info

distance_from_destination 1792
speed 11.4403171539

on_road True

heading 266.162658691
lateral velacituv A _A34A3R3IVAARAA

verti

pitct

roll,

yaw_\ . .
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last|
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stats

stats :
stats.vnc.updates.pixels 2880000
stats.vnc.updates.rectangles 6

CNN input
227x227 @ 8 FPS

Jutput

Show output from: Debug

actual throttle 0.180392
desired throttle 0.161573
step 16528

braking

set throttle 61

set steer 36

actual spin ©.059805

desired spin 0.643326

desired direction ©.757036
actual speed 10.718082
desired speed 8.757942

actual speed change -0.347445
desired speed change ©.006426
desired steer 0.046130

actual steer 0.052632

actual throttle 0.1803S
desired throttle 0.161573
step 16529

GTA V + Open Al

Desired and actual not in sync due
to delay between setting and
reading values back from the game.

DeepDrive Traffic
https://www.youtube.com/watch?v=DeE8tntTSPI



(¢) Customer queue

Test
Image

Ideal
Foreground

Eigenback-
ground Result

Object Moved

(b) Conference room

Light Switched

(a) Street view

(¢) Rain and fog

Moving Water

(b) UAV view

(d) Low light

Bootstrapping

"OVVV

Half-life

Geoffrey R. Taylor, Andrew J. Chosak, P. C. Brewer
: Using Virtual Worlds to Design and Evaluate Surveillance Systems”

CVPR 2007


https://www.semanticscholar.org/paper/OVVV%3A-Using-Virtual-Worlds-to-Design-and-Evaluate-Taylor-Chosak/f6b59b07abf943b24ff6c1f5bf89e643481ba00d

New solution

IIGANII




Discriminator =9 Real / Fake

.
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Check on this website
latent variable

https://thispersondoesnotexist.com/
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GAN for removing markers

https://radiopaedia.org/cases/pyogenic-liver-abscess-1



GAN for tabular data

O Search or jump to... Pull requests Issues Marketplace Explore

SpV The Synthetic Data Vault Project

The Synthetic Data Vault CD httpS://SdV,deV 8 SdV@SdV.deV Verﬂﬂed

() Overview Repositories 11 Packages People 3 Projects

Pinned

[ CTGAN [ Copulas

A library to model multivariate data using

[ sbv

Synthetic Data Generation for tabular,
relational and time series data.

Conditional GAN for generating synthetic

tabular data. copulas.
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EH RDT [ SDGym [ SDMetrics

Benchmarking synthetic data generation Metrics to evaluate quality and efficacy of

A library of Reversible Data Transforms
synthetic datasets.

methods.
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