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Chesapeake Conservancy

Mission: To conserve and restore the natural and
cultural resources of the Chesapeake Bay
watershed for the enjoyment, education, and
inspiration of this and future generations. We
serve as a catalyst for change, advancing strong
public and private partnerships, developing and
using new technology, and empowering
environmental stewardship.

2023-2030 Goal:

To conserve and restore 30% of the
Chesapeake Watershed by 2030 with
emphasis on landscapes of significant
ecological and cultural value, to'engage and
empower diverse conservation leaders, and
build the foundation of an enduring
Institution.
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High-resolution Data :
Planning at the Parcel Scale &
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Deep Learning and Data Science for
Conservation and Restoration

. . “Getting the right practices,
i»ggéonsewaﬁm TeRigl-Nalelgls p/a ces,
at the right scale”
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http://www.youtube.com/watch?v=SaCVSUbYpVc
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Deep Learning (Al
and Data Science
In Conservation

Chesgioeake
o onservancy

ol

What is Al?
Why use Al?
When to use Al?

When NOT to use Al?
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What is Al? Types of Al
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Deep Learning (Al) Cht‘pak
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Deep neural network
Input layer Multiple hidden layers Output layer
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Hair color

Good at learning non-linearities, conditionality, complex interactions




Why Use Al? Chesspeske
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Effectively leverage big data
Improve accuracy

Solve old problems

Answer new questions

s W=

. -‘-.'
e .._...‘m:'ﬁ-w,.

AR et TR
AR
P T AP 4




How to utilize deep
learning

Chesgioeake

Cloud Deep
Computing Learning




Big Data - remote sensing
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Data about Earth’s surface
Collected by satellite or plane
Can have multiple ‘bands’

Many types of data (radar, lidar,
etc.)





https://docs.google.com/file/d/1amg2F_OYcG3hYWB5tJSVbnRb6wzyfbHn/preview
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Why use Al? Remote sensing

Deep neural network
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Input layer Multiple hidden layers Output layer

Wetland
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Good at learning non-linearities, conditionality, complex
interactions




Why use Al? Recognizing spatial 5‘?.(
patterns
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Traditional Machine

® Learning (ML) — evaluates
M pixels independently

| ] Real solar

arrays
ML identified solar arrays

[ ] Deep-learning identified solar arrays

Deep learning — uses
the shape and context
of objects in images




Why use Al? To answer
new questions: Solar
development in the

Chesapeake

1. Where are ground mounted solar
arrays? (AI?

2. What land uses transitioned into
solar? (Not Al)

3. Where is solar most likely to go
next? (Not Al)
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Al Solar | _ ,
Mapping ' hegpsste
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Map all solar arrays in DC, DE,
MD, PA, NY, VA, WV

Each year from 2017 - 2021




Al Solar
Mapping

Recall: 90.2%
Precision:
90.1%
loU: 85.6%

output
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Solar analysis
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NY
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2017 - 2021
State Area (%)  Rate of increase
DE 0.9 (1.79E-04)  1.40=+0.34E-03
MD 8.9 (3.54E-04)  5.00 = 0.34E-03
NY 9.9 (0.82E-04)  1.33+0.48E-03
PA 3.7 (0.32E-04)  0.61 £ 0.34E-03
VA 27.4 (2.69E-04)  6.27 £ 0.34E-03
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When NOT to sue
Al: Solar analysis
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Why use Al? Solve old
problems: Wetland
Mapping

Goal: Develop a model that can map
non-tidal wetlands across the entire
Chesapeake Bay watershed

1. Accurate wetland maps needed
for compliance & modeling

2. Existing wetland data inadequate

3. Wetlands are variable across spacef@sssvm =
and through time B
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Why use Al? Big Data and Temporal

Signals ES
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April/May June/luly




Why use Al? State of the art
accuracy

Chescaioeake
onservancy

% __ _ Metric Model

S ot e T LAl TS A S s A —— Basic  Full
T4 loU 83.3% 87.3%
g ! Accuracy 91.6% 94.0%
c‘% 5 —  Train Precision 90.5% 96.5%
% S Validation Recall 91.3% 90.2%

Epoch




Why use Al?
Accurate wetland
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Real-time
monitoring

* New images
every 5 days

Detect
environmental
changes in near
real-time

Better
understand land
cover transitions




Hyper resolution hydrography

* Produced in b
partnership between 7 i~
CC,UMBC, and EPAs =~ . :
Chesapeake Bay -

Program

* Maps headward extent
and lateral positioning
of stream channels

more precisely than
NHD

UMBC
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4 || Hyper-res stream

4 || NHDFlowline




Hyper resolution hydrography Creszpeske
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How is it made?

» Geomorphic
interpretation of terrain
identifies visible
channelized areas

* Tracing algorithm
connects 2D stream
polygons into 1D linear
stream network

UMBC
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A ALY/

How it's made Chesapeake

-

o
* Detailed lidar elevation / o 4
models serve as the 5y
foundation . -
7 ’ g /

* Tracing algorithm |
connects 2D stream
polygons into 1D linear
stream network

UMBC
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How it's made Chesapeske
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Unbuffered
drainage from
CAFO to buffered

stream

76.1811062°W
40.0054670°N

4 || Hyper-res stream

4 || Hyper-res polygon

4 || NHDFlowline




Appllcatlons of data
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Unbuffered
drainage from
livestock pasture
to buffered stream

76.4115075°W
39.7265478°N

4 || Hyper-res stream
4 || Hyper-res polygon

4 || NHDFlowline




Applications of data

UMBC
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|dentification of
headcutting based
on locally high bank
height at transition
from field drainage
to forested buffer

Bank heights lessen
downstream




Applications of data
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Tributaries to
drinking water
reservoir in
Burtonsville, MD
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|dentification of
culverts and road
crossings in

suburban area
4 || Hyper-res stream

4 || Hyper-res connector




What is species distribution modeling?

Chesapeake

onservancy
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« open woodland and brushy areas, particularly oak or
pine woods with sandy soil

- for dispersal, degree-day at 50°F base: ~286

« caterpillar diet: legume or Fabaceae family

 adult diet: nectar from a variety of flowers including
milkweed

 soil type and moisture suitable for vegetation

» Ecological Niche = Conditions and Resources

* How to use machine learning to find out the ecological
niche??

» Conditions and resources of the observed locations vs.
other locations

* Model: in environmental space

* Project it in geographic space




GIS Support for Assessing Culvert

Chesapeake

rvancy

Impediments for Wood Turtle Movement - &=
EXAMPLE

Wood Turtle (Glyptemys insculpta)
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Species Distribution Modeling Objectives

) SE Contiguous Fragmented




Chesapeake Conservancy in Scientific
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https://docs.google.com/file/d/1Dk7eZbl_DXLb3gUZE--RipE9JNSQ3NRx/preview
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