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Goal

Refine a deep-learning model for
mapping wetland presence in non-tidal
geographies within the Chesapeake Bay

watershed

Objectives

- Produce geospatial wetland data for a
subset of CBW

- Create data dictionary of existing
geospatial wetland data

- Research potential for production of
NWI data




Approach

Remote
Sensing

Artificial
Intelligence

Cloud
Computing




Input Data: NAIP

2 2 * Four Variables: Red, Green, Blue, Nea
Infrared Reflectance

 Resampled to 1 m resolution

* Collected from nearest year to NWI
Imagery
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Input Data : Elevation

s @Nﬁ*v\f‘ Y f' , * LiDAR-derived digital elevation modeF
e ] B * 1 m Resolution
 Produced for CBW and select counties




Input data: SSURGO soil characteristics

e Four Variables: Wetness depth, Drainage
class, Flood frequency, Hydric class

e 10 m resolution

* Rescaled categorical variables driest =0 to
wettest =1




Input Data: Sentinel-1

= Two Variables: VV, VH C-band radar returns
= 10 m Resolution
= Ascending Pass, Wide-swath (IW)

= Six bi-monthly median composite
timeseries



Deep Learning (Al)

Neural network — learn non-linearities, conditionalities, & interactions
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Deep Learning: Convolution

learn the shape and context of objects in images
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Model Architecture #1: U-Net

input

i output
—~ : = 'mat?@ "> segmentation
e =T ma

=»Cconv 3x3, ReLU
copy and crop
¥ max pool 2x2
4 up-conv 2x2
=» cONv 1x1

Fig. 1. U-net architecture (example for 32x32 pixels in the lowest resolution). Each blue
box corresponds to a multi-channel feature map. The number of channels is denoted
on top of the box. The x-y-size is provided at the lower left edge of the box. White
boxes represent copied feature maps. The arrows denote the different operations.

Ronneberger et al. 2015




Deep Learning: Atrous convolution

Increase field of view

Conv
kernel: 3x3
rate: 1

Conv
kernel: 3x3
rate: 6

Conv

kernel: 3x3
rate: 24




Deep Learning: ACNN

256 x 256 x 9 256 x 256 x 32 256 x 256 x 64 256 x 256 x 128

Ronneberger et al. 2015



Deep Learning : Long Short-Term Memory
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Model Architecture #2: Hierarchical

Three class output
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e Data Sampling

O 2013

2017 Montgomery
@ 2019 !

NWI Project ID NWI Project Name Source Imagery Year | # of Samples

RO5Y11P02 Chesapeake Bay Update 2013

RO9Y16P04 Virginia Fix 2013

RO5Y13P07 James River Updates 2012

g RO6Y18P03 Mapping for Scalable Data Areas of New York 2014 - 2017
Susquehanna RO5Y19P02 NWI Update for Eight West Virginia Counties 2019

Dauphin

Allegheny
U Lancaster
Frederlck

Cambria

@ Chesapeake Bay Update

@ Virginia Fix

OJames River Updates

@ Scalable Data for New York
OEight West Virginia Counties

Ambherst Powhatan




Non Wetland

et Data Sampling

NWI Wetland Type Reclassification
Non-Wetland Non-Wetland
Total Non-Wetland
Estuarine and Marine Wetland Emergent Wetlands 2
Freshwater Emergent Wetland Emergent Wetlands 2
Total Emergent
M ISR R I A O AVEHE M Forested Wetlands 3
Total Forested
Freshwater Pond Open Water 5
Lake Open Water 5
Estuarine and Marine Deepwater Open Water 5
Riverine Open Water 5
Total Open Water
Other Farmed Wetlands 4
Total Farmed
TOTAL TOTAL
O Non-Wetland G
B Emergent
O Forested
O Open Water

OFarmed




Model Training: Data

25,000 sample points

600 x 600 pixel ‘chips’
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Model Training: Image Augmentation

Rotate 180°
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Va,

Brightness -5% Brightness +5% Brightness -5% Brightness +5%

Contrast -5 ntrasteotmmmen — Contrasighb%pmmmumeemmn  Contrast +5%



Model Training: Workflow

&)

Chesapeake

Censervancy

Remote

sensing data

P \
Sample > ‘ ‘--ri d:

f

|

|

| o o o
| T Y &
|
|
|

e

Training data
- . oA s

.

A\
i

] :‘ 74 - Z
______ \ I

: - & . A

¥ | 2= 2 &5

|
I
|
|
I
|
I
|
|
I
|
/

O\
S
o)
X
\

Ve
|

A\




Performance

ining

Model Tra
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Cloud Computing




Cloud Computing
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f‘ Status Workers Tasks System Profile Graph Groups Info More...

Bytes stored: 31.92 GiB Task Stream
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Processing
10s 15s 20s

N
(SIS
[

Tasks Processing

_ Progress -- total: 19324, in-memory: 1122, processing: 1371, waiting: 15266, erred: 0
[ rechur Sl 1524 / 6254 fféchunk-merg... 30/624
getitem 107 / 4606 [flean_chunk 29/624
vhere 324 /792 concatenate 487428
[FEc - - 130/ 676 | _trim 0/350
truediv-getitem 24624 block-info 3217350
[ Eboment_chunk 30/624 | predict_chunk 0/350
- where-getitem 30/624 I getitem-overiap 0/350
(—— @ nmedian 30/624 rechunk-merg_.. 4/259

1 1 f t t t
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oment_combi... 8/208
IMean_combine. . 8/208

| asset-table 132/132]
Bhd 4/104
_rechunk-spli... 30/104
.ean_agg—ag 4/104
rechunk-merg. . 2/91
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Model Training: Performance vs. NWI

Model Precision Recall | loU
—— | J-Net
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Al Model vs. NWI Wetland Detection Accuracy

100

We evaluated Al model
90 accuracy using two probability
thresholds for identifying
wetlands — 0.05 and 0.10.

80

70

Detection rate is the % of BGE

delineated wetland polygons
50 intersected by a given dataset
(NWI vs. Al Model)

60

40 ——

1) R — Potential Sites are the number

of places where a wetland

dataset intersected the ROW,
identifying a location where a
NWI Al Model (p > 0.05) Al Model (p >0.1)
Detection Rate (%) ® Potential Sites (N)

20 —

survey might be necessary




Next Steps

1/30/2025
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Produce public web maps
Evaluate against ground-truth
Create data for entire CBW
Evaluate application to NWI
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