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“... River water quality generally deteriorates under
droughts and heatwaves (68% of compiled cases),
rainstorms and floods (51%) and under long-term climate
change (56%).”
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Forecasting
capabilities will
become increasingly
important.
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The Data Scarcity Challenge
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Process Complexity Challenge
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Deep Learning Models to the Rescue?
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DL applications in hydrology have exploded,;
Its applications in water quality is lagging behind.

O@LiReactiveWater; lili@engr.psu.edu Zhi et al., acceﬁted



Dissolved Oxygen (DO):
sun light, water flow, and temperature

Bernhardt et al., 2017
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https://www.gmul.ac.uk/chesswatch/water-quality-sensors/dissolved-oxygen/
Deoxygenation is less expected in rivers than in

oceans + lakes.
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From Hydrometeorology to River Water Quality: Can a Deep
Learning Model Predict Dissolved Oxygen at the Continental Scale?
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LSTM model:

« What is the utility of deep learning models in
water quality modeling?

« When do models perform well?

T and DO dynamics:
« How have T and DO changed in a warming

climate?
« What are the drivers of DO?
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Deep Learning Models to Reconstruct “Data”
Long Short-Term Memory, LSTM

Intensive hydrometeorology data Temporal filling:
consistent daily DO
Data LSTM model Prediction
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Spatial Filling: Prediction in chemically-ungauged Basins
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When do models do well?

More data 2 better model performance?
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The model does better in basins with low DO variations.
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When Do Models Perform Poorly?
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LSTM model:

« What is the utility of deep learning models in
water quality modeling?

« When do models perform well?

T and DO dynamics:

« What is the historical trend and future
projection of T and DO in a warming climate?

» What is the predominant driver of DO?




Warming:
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Rivers warm up and deoxygenate faster than
oceans but slower than lakes and coastal areas.
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T is the primary driver

T... > DayLength + Radiation > Flow
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What about other solutes with less data?

How does climate affect other solutes?

Li et al., 2022. Climate Controls on river chemistry, Earth’s Future



L el b Sterle et al.
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Dissolved Organic Nitrogen (DON):
higher in arid climates

Q (mm/

«1.5-250 © 500 - TO00 02000;3536.3

o 250 - 500 C1000 - 2000

<l :
°0.01-0.1002-0501-16
© 0.1-02 ©005-1

(mg/L)

1.2
1o/DON _ B=3
) B - 2
&0.8 : o OOB =1
O - °
0.6 z
0 0° ° 0>0.75
0.4 o - ©0.5100.75
0.2 o o @ . ©0.25t0 0.5
: °0.1100.25
0 o . °<0.1
000 "o 1 2 3
PET/P
—
Aridity increase, Conc. increase
10
T
> 1
E
O 0.1
[
< A = 0.0005
=0.01| B=-0.5 o
DON
0.001

1 10 100 1000 10000
Mean Q (mm/yr) 24



VWWarm

Cold

A —
Reactor

//// //
Q

A Watershed Reactor Model

Input reaction export

VWZ—(:=I+R-QCl_>

Transporter
W77, At steady-state:
ET ‘V -
reaction
| C =om
' Q export
QC | m
P | B R
- Qc

Arid

>

Humiad

Less connected More connected



10

(mg/L)

Mean C
o
o o

0.001

More arid - higher conc;

Long-term C_Q,, Relationships

1

c _Pn
m
Q, L
_ B _ Do
C.=AQ2 | A=k,S,f(T)e,
Rates
A=02 10 10
B=-0.8_ 2 |
o
; 1
° ®g 0.1
A=0.0(§)2oo ° 0.1
B=-08 o ).01
NO- ol TN |
‘ - - 011 - - - 00
10 100 1000 10( 1 10 100 1000 10000 1

Mean Q (mm/yr)

Mean Q (mm/yr)

more humid -2 lower conc

Mean Q (mm/yr)

As aridity increases, water quality will decline

Jgn

1 " 1 h|
10 100 1000 10000

Sensitivity to Water content

26



Summary

Deep learning application in water quality is still growing

Temporal and spatial data filling to reconstruct consistent
data series

More data do not mean better performance

Consistent data > temporal trend + spatial analysis
- Urban rivers warm up fastest; ag rivers lose oxygen fastest
- Rivers and streams warm up and lose oxygen faster than
oceans and slower than lakes.
- Temperature (> light> flow) is the predominant driver

High solute concentrations in more arid places



Lots of Opportunities to Explore

= Data availability will still be the bottle neck!!!
= Interconnected water quality variables?
Master variables (T, pH, DO);
Data-rich variables > data-scarce variables
= Process-based + deep learning models
Neural ODE (Hoge et al., 2023); Differential modeling (Shen et al., 2023)
= Explainable Al From Black Boxes to Glass Boxes
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Climate has a major control,
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... but human stressors are more influential
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2. llluminating the black box: Biogeochemistry

Reactions in shallow + deep zones
using BioRT-HBV model, a watershed Reactive Transport Model

Shallow Zone Reactions:

Soil Respiration + C decomposition:
0C, + roots > DOC +DIC

Carbonate Weathering:

Carbonate, <-> Ca?* + DIC

Deep Zone Reactions:
Deep Respiration + C decomposition :
oC,, + DOC - DIC
Carbonate Weathering:
Carbonate ,, <-> Ca?* + DIC

Example reactions from Sleepers Rivers, Stewart et al., in preparation

Sadayappan et al., BioRT-HBV model, in preparation



After normalizing T influence, other factors come into play.

DO, Change does not depend on WT change
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