Applying Deep Learning to Hydrological
Events for Watershed Modeling

) LA

Scott Hamshaw, Donna Rizzo, Mandar Dewoolkar

Vermont EPSCoR | 06.04.2019

g
[ =

Basin Resilience to

Extreme Events
in the Lake Champlain Basin




Major Features of the BREE %BREE
Integrated Assessment Model

Extreme Events
he 1 Basin

Regional climate

(including extreme meteorologi S
and use —T Hyd‘rology (flow, Watershed

4 ) solute transport) T biogeochemistry (P, N, C)

L \ ‘ Lak

Governance J Macro-economic |« ynamics, |
) water quality)

\4




[dentifying where riverine sediments == BREE
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Another approach to understanding 5955
sediment dynamics in watersheds
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What if we let the watershed tell us what is going on?
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Methods of hysteresis (event) analysis f’ABRE
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Methods of hysteresis (event) analysis %BREE
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Basin Resilience to
Extreme Events

Methods of hysteresis (event) analysis %BREE
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Automated event classification system =9 BREE

Extreme Events
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Automated event classification system =9 BREE

Extreme Events
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Automated, supervised event extraction =9 EREE

Extreme Events
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Expansion of event classification to = BREE
state of the art deep learning algorithms
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Visual representation of
hydrological event data
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* Leverage temporal

Lo —~
SSC.(ma/h

o — Streamfiow (m’/sec)

' e

04

02

%40 ez o4 [ a8 10
Time

Lo, —~
SSC{malh

m— Streamflow (m*/sec)

"85 oz oa [ [ 10
Time

10 ~
SSE (mgif)

— Streamflow (m?/sec)

°%o 0z 0 [ [ 0
Time

—
55C (mgif)

o — Streamflow (m*/sec)
oe \
04

|
02 |

—_—
SSC tmgff)
— Streamflow (m?/sec)

(1] o8 1o

Time

Data-driven identification
of new categories of events

information in sensor signal “3-D trajectories”

SSC (mgih)

°%a 07 o4 a6 o8 10

Streamflow(m*/sec)

= time ->

%% o0z o4 o5 o8 10
Streamflow(m?¥/sec)

SSC (mail

°% o0z o0a os o8 1o

Streamflow(m*/sec)

5
E
o
7
A
%80 o0z o4 os o8 10
Streamflow(m?/sec)
10
— >
o8 time
Sos
£
Gos
a

°80 oz o4 o8 o8 10

Streamflow(m¥/sec)

Javed et al. (2019) In preparation.

=. BREE

‘ Basin Resilience to

Extreme Events

Cluster A Cluster B

m =
Keyalsuziz e 10— —~ 10 Key 2.1409041
0% SSC (mgil) -— time -> -— time -> 3
= ba L —— Streamflow (m*/sec) 2 o
o 06 \ %na 06 ¥
h- - 4=
02
> 04 Hoa 02 £
FIAL- a 2
10 v o2 02 @
o8 08 gy UEU’PI " 10 03 o6 é
ssc 02 g0 ime J e 94 g3 g 92 Time
gy %5 02 [ 06 a8 10 %96 0z [ [ o8 10 SC (mgy,
Time Streamflow(m?/sec)
Key 514061717 10 n 10 Key 3.1306161 T
- time -> SSC (mally - time -> —time -> &
pox “ w— Streamflow (m’/sec) 89 “E
= = 08 §
0. 06 Sos H
ot & g bed
b2 0 Qoa 02 £
a4 A 79 E
10 08 0. @ 02 02 1053 > DP"D @
#0603 53207 Time = 0% 04 oy 92 Time
S5Clmgyy V00 i i os o8 o "85 ez o4 96 08 1o SClmgyy . OO
Time: Streamflow(m’/sec)
10 — 10 Ke 1na
&2 by 2.15101 <
Keyorsoersz < SSC tmigil) time -> - time ->
. L — Streamflow {m?/sec) - 105
| = 08 §
08 é
6 Bos
06 b g ?:
0.4 o
g
iy 0a Bos :ﬂ;
00 &
30 E 02 02 Krs uu’a‘
10 & S — 1 08 gg o4
08 54 rY) ! 0. & 04 55 omn‘” Time
sscy, 02 go? Time °%% [¥] [0 [y a8 io %95 [¥] 04 06 o8 10 SC tmgyy
m,
o) Time Streamflow(m?/sec)
10 - — 10 Key 5150801
Key 513102412 S5€ (mgil) -— time -> - time >
— time - ¢
. L —Streamflow (m¥sec) s 1oe
B = o
2 08 E Sos 063
0.6 é 0.4
0ad 304 o2
0z E @ d;"n" [
iqnog p 02 i o
240 8 | 08 g% of
10 g5 P 94 53 02 Time
a6 [ 75 D ogh . og Ssc 0.®.0
ss 04 o3 cod? Time o 02 o4 (3 o8 10 o 02 [ [13 o8 10 (mgyy,
C (magyy Time Streamflaw(m?/sec)
10 —_—— 10 Key 4140912 . T
Key 41507182 - “ SSC (mall) o — time -> ime ->
s &> & m—Streamflow (m*/sec) L
< s s
105 -~ £ 3
oo " B ps
3 E
pag L Ros 02
02 E - o
o £ & o - (-
= v o8
1 (ak s 04 o3 0 Time
98 g 5 o e W m n W S e w o iv SC tmgyy 7 ©
Ssc (mgy) 0m.0 Time Streamflow(m?/sec)




i . BREE
Connection to LULC/BMP == ettes

* Watersheds have existing characteristic distribution of
event types | Wade Brook
» Affected by changes in

* Climate & extreme events
* LULC & BMP adoption
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Smart detection of shifts in =9 BREE
storm event behavior

Extreme Events
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Sca INg event analysis to  So e

additional watersheds in the IAM

* Regionalization approach

HUC12 Delineations
Rouses/Poini
. Yrapklip
,;Igh{alr}‘.‘lurl
Swanton '

Proportion of Event Type

Sheldon

s S ssajn{Albafls | 2
Fairfield
Mean Watershed Slope Lake Champlain

Gjandsle
r ) y
’h 3 f : Fletcher
Y 3 Fa/rfax

¢ 'sputh Hero A M'li
{ ilthn

Enasburg Falls

Bakersfield



== BREE

Scaling event analysis to == e
additional watersheds in the I1AM

* Predict hysteresis type occurring
at subwatershed outlet
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