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The Stakes: Why Predicting River Flow |
Matters

e $25BIN U.S. FLOOD DAMAGES
(2023)
e |IMPACTS: HOMES, FOOD SYSTEMS,
INFRASTRUCTURE, EMERGENCY
RESPONSE
o CLIMATE SHIFTS = CHAOTIC
RAINFALL PATTERNS




PREDICT NEXT-DAY STREAMFLOW FOR 25 U.S.

Our Goal: Predict River °
Flow Before It HOPPENS . ook sroionat aiver connections wirs

GNNS




Column Description
Year The calendar year (e.g., 2005) M t CAM E LS. O
Mnth The calendar month (1 = January, ..., 12 = December) ee ° u r
o
Climate+Streamflow
Hr Hour of day (usually not used in daily data — might be 0 or placeholder)
dayl (s) Day length in seconds (i.e., daylight duration from sunrise to sunset) Dq tq Set

prcp (mm/day) Precipitation in millimeters per day

srad (W/m?) Shortwave solar radiation in Watts per square meter

swe (mm) Snow water equivalent in millimeters — water content of snowpack

tmax (°C) Maximum daily temperature in degrees Celsius ® 67] US R|VER BAS|NS (WE USED
tmin (°C) Minimum daily temperature in degrees Celsius 25 W|TH CO M PLETE R ECOR DS)
TGE)) Vapor pressure in Pascals — indicates humidity in the atmosphere

° 30+ YEARS OF DAILY DATA
° VARIABLES: PRECIPITATION,

prcp(mm/day) srad(W/m2) tmax(C) tmin(C) wvp(Pa)

— TMAX/TMIN, SOLAR RADIATION,
1980-01-01 0.00 153.40 -0.0654 -0.1630 171.69 VAPOR PRESSURE, STREAMFLOW
1980-01-02 0.00 145.27 -0.0618 -0.1522 185.94 30-DAY ROLLING CLIMATE
D mmomem e whoowusen aswooe e
1980-01-05 0.00 170.43 -0.1129 -0.2221 117.87 TARGET: NEXT-DAY STREAMFLOW

PREDICTION

2014-12-26 0.00 91.11 0.0361 -0.0050 590.58 °
2014-12-27 0.00 103.01 0.0215 -0.0255 508.64



Understanding GNNs: Teaching Al

to Learn from Connections

®
R e GNN'S LEARN FROM RELATIONSHIPS,
o\ NOT JUST INDIVIDUAL POINTS
S RIVERS AREN'T ISOLATED , GNN'S
A\ CAPTURE HOW ONE BASIN AFFECTS
g ANOTHER




Turning Rivers into a Graph Neural Network

Gauge Locations with Streamflow and Drainage Area

STREAMFLOW

NODES = BASINS
EDGES = NEARBY BASINS (K-NEAREST NEIGHBORS)
FEATURES = CLIMATE VARIABLES OVER 30 DAYS




FROM DATA TO PREDICTIONS: BUILDING THE STREAMFLOW PIPELINE

StrongerGNN for Node Regression

Features N

4\ CLIMATE DATA

o M JOINWTTH | + RELU+Dropout

| STREAMFLOW -
LABEL (NEXT i il

_ ~_'DAY) |

e 'CREATE A DAILY Layers

GRAPH R
SNAPSHOT Linear Layer

Streamflow prediction per node
(25 values)




How the GNN Sees the River System

Graph from PyG Data

1

'|'|1=:i
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Graph representation of the 25 basins used by the GNN.




Prediction Results: Did It Work?

TRACKED REAL STREAMFLOW PATTERNS
CAPTURED RAINFALL SPIKES AND DRY PERIODS
UNDERSTOOD UPSTREAM AND DOWNSTREAM EFFECTS

Predicted vs Actual Streamflow

o Actual

Predicted
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Prediction Results: Did It Work? (Pt.2)

e Each node's color and size reflect the magnitude of streamflow.

Gauge Locations with Streamflow and Drainage Area

STREAMFLOW
O 2500
O

O @ 2000

® .

@ e @
e 1500

Q© o

1000

500




What We Learned from the River

o CLEANING REAL DATA
IS ESSENTIAL
e GNNS ARE POWERFUL
FOR SPATIAL DATA
e TEAMWORK MADE THE
PROJECT POSSIBLE




PREDFCT MORE DAYS AHEAD
° : EXPAND TO MORE BASINS
° REAL-TIME SYSTEM POTENTIAL

SR " Py,




Thank you for

your time! We

look forward
to your

feedback and
questions.
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