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A professional community where you can get |
the solutions you need to make an impact
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Benchmark your programs via events,
=l @ online learning, research and executive
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Learn tools & techniques to execute your
strategy and be inspired by peers
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Build a network of peers whose
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challenges
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Delivering Knowledge & Professional Wisdom

Research Insights Targeted Networking

Actionable strategies to empower
EHS&S leaders to make an impact


https://www.naem.org/page/survey_2018_trends
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Agenda

¢ QOverview of Al and Machine Learning

¢ Data requirements

¢ Case Study: Forest Disturbance Monitoring
o EHS&S examples

¢ Takeaways

oc us © Locus Technologies 1997-2020 Slide 7 17 April 2020

EEEEEEEEEEEE



Poll Question #1

& How familiar are you with Al?

¢ Very familiar
¢ Somewhat familiar

¢ Not familiar

—
o
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Overview of Al
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Overview of Al

¢ Alis the ability of a computer to perform
tasks that require human-level
intelligence

¢ Used alongside big data to draw
inferences and conclusions about many
aspects of life

¢ Must be adaptable for many different
data types and situations
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Overview of Al

Machine
Learning

Deep
Learning Neural Networks
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Machine Learning

¢ Algorithms used by computer systems to . . -
perform a task when explicit instructions are . .
not available i . .....
¢ Can improve performance with training S -. ----

il 0006 | 0.34

¢ Training is based on a model of a real-world -.... .-
Specific Conductance
process BE-8-3
Temperature [EVESTEN XIS 00
& "All models are wrong, but some are useful." - ...

(attributed to George Box, statistician)

¢ Many everyday applications such as streaming
recommendations

-

Years

Dissolved Oxygen
Flow (in gpm)

Specific Conductance

Temperature

Turbidity

Oxidation-Reduction Potential
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Deep Learning

¢ Neural Networks — designed after human nervous system

¢ Independent logic inside each node

. Hidden Output
layer layers layer
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Predictive Analytics

¢ Use of statistical techniques to make 14
predictions based on existing data 3
1
¢ In terms of safety, can help alleviate risk of o
human error 5
: : : 2 B
¢ Most likely will not provide the exact value S
. Q
of a parameter, but a well-designed system S 8
can be very accurate T o4
¢ Amazon "anticipatory shipping" 2
0
0 5 10
“It's tough to make predictions, especially about the future.” True Values [pH]

— Yogi Berra
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Poll Question #2

¢ Has your organization implemented Al?

¢ Yes @
¢ No, but we are planning to soon )
O

¢ No, and we have no plans to do so
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Data Requirements

¢ Accurate Al systems require aggregate
data from many sources, especially for
prediction

¢ The data obtained must come from
accurate sources

¢ Collected data must be an appropriate
input

¢ Need one system of record

¢ Turning data into inform
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Data Collecting

¢ Cloud systems

¢ Shared Platform

¢ Internet of Things

¢ Big Data

ocus © Locus Technologies 1997-2020 Slide 17 17 April 2020

EEEEEEEEEEEE



Current Centralized Model is Unsustainable
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Big Data

& Extremely large data sets and the field
involved with analyzing them

¢ Too large for human analysis

¢ Can provide insights into many aspects
of life and society
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Case Study: Forest Disturbance Monitoring

¢ Forests change naturally through the year as
trees green up in the summer and then
brown down in the winter

Image from USFS’s ForWarn

¢ This cyclical pattern can be disturbed by
many things:

¢ Diseases

& Pests

¢ Weather " Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
¢ Climate change Vegetation change through the year
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Case Study: Forest Disturbance Monitoring

Images from USFS

¢ Early identification of these disturbances is
critical for natural resource managers to
understand and respond to these threats

¢ Aerial and ground surveys can find disturbances

¢ In the United States, there are just too many
acres of managed forests and crops for regular
visual inspection
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Daily satellite images can be used to
identify regions affected by disturbances

The imagery is processed to show change
in vegetation from the normal level



https://forwarn.forestthreats.org/

Case Study: Forest Disturbance Monitoring

. . Image from USFS ForWarn
¢ Again, though, there are too many images to T e e a0 Y
manually inspect them '

¢ Neural networks (deep learning) can be

used to automatically identify disturbances
and alert managers

Mexico - o ‘EN

Example of vegetation change
(red below normal, blue above normal)
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Case Study: Forest Disturbance Monitoring

¢ To train the network, known
disturbance patterns must be e G |
fed into the system s L S

‘¥oscaloosa o

¥

& Here are examples of
vegetation differences due to
tornadoes

_Springfield

b 4

//
Twin tornado tracks ~
from March 2, 2012

Images from USFS’s ForWarn
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Case Study: Forest Disturbance Monitoring

¢ Different disturbances show
different patterns

& The first row here shows S, g
flooding and hurricanes; the <L
bottom row shows hailstorms

" WASHBURN CO. | SAWYER CO;

St. Croix Nationals#
Scenic Riverway

Images from USFS’s ForWarn
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Case Study: Forest Disturbance Monitoring

¢ Here are vegetation patterns from

 Knight Fire
(2009) \,

other disturbances including £ R s o A a—
: we' gl 3, \ : /(2013)

wildfires and various insects

Telegraph Fire '\'_'
(2008) S G¥-
: Aspen Fire
[2013)7>. |5

o »\ The 2013 Pennsylvania-New York
/? N Gypsy Moth Outbreak

> Porﬁons ofthe Park Mﬂg
_ extreme hemloc.k
dpdine ,‘

1 DEFOLIATION AND:
7 HOODING i

Images from USFS’s ForWarn

ocus © Locus Technologies 1997-2020

TECHMOLOGIES



Case Study: Forest Disturbance Monitoring

¢ A neural network consists of multiple units called neurons

¢ Each neuron is a distinct model that takes some input, processes it, and returns
some output

& A neuron by itself is not powerful; multiple neurons working together can
do much more

Input : > Output
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Case Study: Forest Disturbance Monitoring

¢ Neurons are organized into
layers of increasing complexity

¢ Each layer feeds into the next
layer

¢ The layers between the Input
and Output layers are “hidden”
and are what makes deep
learning “deep”

Hidden Output
layer layers layer
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Case Study: Forest Disturbance Monitoring

¢ For our forest disturbance model,

each neuron recognizes a specific
pattern of pixels in an image

¢ These patterns are very low level

¢ Combined, the neurons can
recognize high level patterns that
point to a specific forest
disturbance
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Case Study: Forest Disturbance Monitoring

¢ For training, known disturbances are fed Springfield
into the network and compared to the
output

¢ |If the output is not correct, the neurons' models
are tweaked and the network run again

¢ Only adjustments that improve the output
accuracy are kept
¢ The training stops when the output matches
the expected results

¢ In this way the model trains itself by
evaluating its own performance
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Case Study: Forest Disturbance Monitoring

¢ For training, known disturbances are fed Springfield
into the network and compared to the
output

¢ If the output is not correct, the neurons' models \
are tweaked and the network run again

¢ Only adjustments that improve the output
accuracy are kept

00000

¢ The training stops when the output matches
the expected results

¢ In this way the model trains itself by Tornado: Maybe

evaluating its own performance
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Case Study: Forest Disturbance Monitoring

¢ For training, known disturbances are fed

into the network and compared to the
output

!Springﬁeld

¢ If the output is not correct, the neurons' models \
are tweaked and the network run again

¢ Only adjustments that improve the output
accuracy are kept

¢ The training stops when the output matches
the expected results

¢ In this way the model trains itself by
evaluating its own performance
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Case Study: Forest Disturbance Monitoring

¢ The network must be trained for different
disturbances

¢ Multiple examples of each disturbance are
needed

¢ Disturbances not considered will not be
recognized

Tornado: No

Hail: Yes
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Case Study: Forest Disturbance Monitoring

¢ The network must be trained for different eSSt S
disturbances o X S

¢ Multiple examples of each disturbance are
needed

¢ Disturbances not considered will not be
recognized

Tornado: No

Halil: No
Fire: Yes
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Case Study: Forest Disturbance Monitoring

¢ The network must be trained for different :
disturbances oL

TENT CATERPILLA B
'+ DEFOUATION AND
) HOODING L

¢ Multiple examples of each disturbance are
needed

¢ Disturbances not considered will not be
recognized

Tornado: No
Hail: No
Fire: No

Insects: Yes
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Case Study: Forest Disturbance Monitoring

Once trained, the model can be used to analyze images and identify disturbances

|
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Case Study: Forest Disturbance Monitoring

Once trained, the model can be used to analyze images and identify disturbances

@ o : o Tornado: Yes
@ o ® o Hail: No
@ ) [ Fire: No
‘ ‘ ‘ Insects: NO
( J
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Case Study: Forest Disturbance Monitoring

Once trained, the model can be used to analyze images and identify disturbances
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Case Study: Forest Disturbance Monitoring

Once trained, the model can be used to analyze images and identify disturbances

Tornado: No
Hail: No

Fire: Yes
Insects: NO
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Case Study: Forest Disturbance Monitoring

Once trained, the model can be used to analyze images and identify disturbances

|
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Case Study: Forest Disturbance Monitoring

Disturbances not considered will not be recognized; the model must be trained
for them

@ o : o Tornado: No
@ o ® o Hail: No
@ ) [ Fire: NoO
‘ ‘ ‘ Insects: NO
( J
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Case Study: Forest Disturbance Monitoring

Disturbances not considered will not be recognized; the model must be trained
for them

@ { ] 2 o ® Tornado: No
“““ Hail: No
P @ O O Fire: No
[ ® @ ® Insects: No

o Strip mine: Yes
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Case Study: Forest Disturbance Monitoring

& Positives:

¢ Disturbances can be identified automatically and in real-time without manual
surveys or analysis of images

¢ Disturbance identification is cheaper and faster

¢ Managers and landowners can get notices much quicker
¢ Caveats:
¢ Must spend time and effort training network on different disturbances

¢ Cannot handle previously unknown disturbances

¢ Should periodically 'ground truth' findings
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Case Study: Forest Disturbance Monitoring

¢ A successful deep learning implementation requires good
training, which requires good data

¢ For this case study, there are special considerations

& The normal baseline can change, especially with climate change
¢ Data must span different time scales

¢ Data must span different spatial scales

¢ Bottom line: a significant investment may be needed for
developing a well-trained network
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EHS&S Examples

¢ Health

¢ Safety

¢ Compliance
¢ Sustainability

¢ Water Quality
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Health

¢ Deep Genomics uses Al to develop new drugs

¢ Helps find compounds to target specific
diseases, and to predict effects on humans
taking new drugs

¢ Reduces time and cost to bring new drugs to
market

& A successful model would reduce the amount
of clinical trials and human testing needed

¢ The first of Deep Genomics compounds will be
tested this year

Image from Getty Images
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Health — Coronavirus

¢ Al speeds up genome sequencing

¢ Al can mine recent research, searching for
patterns and common factors in outbreaks

¢ Potential problems:

¢ Misleading and Insufficient data
¢ Limitations

¢ Difficulty of modeling

Image from Futurism.com
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Safety

& Wearables

¢ Ability to predict proximity to equipment or in
certain areas

¢ Given appropriate data, Al can monitor
equipment and forecast failures or accidents

¢ Al-monitored safety gear in the workplace
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Compliance

¢ Al systems can scan EHS permits and
regulations in order to extract requirements,
potentially eliminating weeks of work

¢ Pitfalls:

¢ Effect of misinterpreting permits (they must
be accurate)

¢ Unlike with prediction, "good enough" is not
sufficient
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Sustainability

¢ Currently available Al technology could reduce US
energy use by 12 to 22 percent

¢ Land: Erosion monitoring, migration tracking,
poacher route prediction, effects of natural
disasters

& Air: Air quality monitoring, reduction of traffic
(dynamic routing, intelligent stoplights)

& Water: Tracking marine litter, improving water
management systems
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Water Quality

¢ Predictive Al systems can analyze the parameters of
water sources and estimate a water quality index (WQJ)

¢ A well-constructed system removes the need for
extensive lab analysis

¢ Aids identification of poor quality water before it is
released for use

¢ Alerts for bad conditions, certain bacteria/viruses
¢ Pitfalls: More parameters lead to a more complex system

¢ Study: Predicting Water Quality with Machine Learning
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https://locustec.com/blog/predicting-water-quality-with-machine-learning/

Poll Question #3

¢ If you're not using Al, what is stopping you?

¢ Budget ﬁ:
5

¢ Implementation

& No need for it
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Where to Start

¢ ldentify needs for Al —where can it make a
difference

¢ |dentify Identify appropriate data inputs for
the model

¢ Collecting data — this is often the biggest cost
and hurdle

Standardization
Shareability, industry groups
Where can you improve productivity

Uniform set of applications
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Takeaways

¢ Blog: Artificial Intelligence for
Environmental Compliance

& Why is Al coming up now

¢ |Isolation as an environmental science
dataset, reduction in traffic has led to
marked improvements in air quality,
how it will progress after things go back
to normal
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https://locustec.com/blog/artificial-intelligence-ai-and-environmental-compliance-revisited/

Thank you!

Make sure to follow us on social media to

get the latest company & product news:

m linkedin.com/company/locus-technologies

ﬂ facebook.com/LocusTechnologies/

u twitter.com/Locustec

You

youtube.com/user/locustechnologies

locustec.com
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Connecting On-Line and In-Person

EHS Operational Excellence Conference: Sustaining EHS
During Times of Business Interruption

* May 21

Sustainability Impact Conference

 Aug 3-5

EHS&S Management Forum
- Oct. 20-23

Check our website for registration
% and additional information about our conferences!

WWW.Nnaem.org



http://www.naem.org/

New & Upcoming Reports from NAEM

: EHS & Sustainability Staffing, P Trends in Eme
e Structure & Budget Report What's Really Ha

AN 2030

¢ 2020 EHS & Sustainablility Salaries

¢ 2020 Trends in Emerging Tech for
EHS&S

¢ 2020 Staffing, Structure & Budgets

rging Tech for EHS&S
ing Inside Companies

ppen

e Managing Covid-19 Challenges

2020

EHS & SUSTAINABILITY
SALARY REPORT

% Az
% EHECamwuts
e o

All available @ NAEM.org/research




NAEM's Excellence Awards

Opportunity to be recognized for outstanding achievement

e Lifetime Achievement

®" Honoring one EHS&S visionary for driving
positive impact over 20+ years.

e Leadership in Action

= Celebrating exceptional EHS&S leaders
with 15+ years of proven success.

e Nex(Gen

= Recognizing rising EHS&S managers with
5+ years of effectiveness.

Nominations due May 22nd!
% https://www.naem.org/awards




Great Webinars!

April 23

A
ol

Leveraging Remote
Technologies for
EHS Tasks

.......

e

EHS &
Sustainability
Staffing, Structure &
Budget

FREE for NAEM members

-
How to Build
Corporate Social
Responsibility in
Your Supply Chain

% Information & Registration on-line at www.naem.org


http://www.naem.org/

Connect with NAEM!

e Online: www.naem.org

eVia emaill: caitlin@naem.org

e Social media:
= Twitter: @NAEMorg
® Facebook: www.facebook.com/NAEM.org
® | inkedIn: https://www.linkedin.com/company/naem



http://www.naem.org/
mailto:elizabeth@naem.org
http://www.twitter.com/NAEMorg
http://www.facebook.com/NAEM.org
https://www.linkedin.com/company/naem

Thank you for Attending!

Al

[AA

A recording will be Have a safe & healthy day!
available in 3-4 days.
You will receive an
email once it’s posted
to our site.

w



