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Chesapeake Bay HydroML: Advanced Streamflow And Water Quality Predictions For The Chesapeake Bay Watershed

Machine-Learning Solutions
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Chesapeake Bay HydroML: Advanced Streamflow And Water Quality Predictions For The Chesapeake Bay Watershed

Overall Objective

Introduction

e and develop machine-learning approac
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Current Nutrient-Modeling Goals

---------------------------

* Develop Random Forest Models to Predict |_ T T
Nutrient Concentrations and Loads at a —
Monthly Time Scale

* Use the Random Forest/Machine-Learning &: e

Frameworks to Inform Development and
Refinement of Land-to-Water Factors

* Assess the Effectiveness of Newer High-
Resolution Land-Use and
Geomorphological Data for Prediction

Chesapeake HydroML
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Random Forest Modeling

Chesapeake Bay Nontidal Network:
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ModelStructu re

Watershed/Stream =& = =2
Characteristics s == Forcings

Land Use/Land Cover = SeraR Streamflow (monthly)

Soil Type P Precipitation (monthly)

Geology s o j Temperature (monthly)

Geomorphology it Other climate forcings

Watershed Area G o (monthly)

Stream Order . Nutrient Inputs (annual),
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and Nutrient Data
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gTREND Dataset

County-scale TREND-Nitrogen v3.0
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Random

Forest Results

Observed vs Predicted — Train Set (row)
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Current Results

* Develop Random Forest Models to Predict
Nutrient Concentrations and Loads ata == B ==
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: * Develop Random Forest Models to Predict
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: * Develop Random Forest Models to Predict
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Top 20 Feature Importances — totalN (conc, group)

Nitrogen Surplus -
Agricultural Fertilizer -
Population Density 1
Discharge A

Baseflow Index -
Manure Nitrogen -
Atmospheric Pressure
Temperature H

PET -

Septic Nitrogen -

TOT FOREST 2011 -
Downward Shortwave Radiation A
Total Runoff |

% Ag Area Reach




From Machine Learning to Management

Deriving land-to-water factors

Our random forest models predict stream nutrient concentrations (e.g., TN, TP)

from watershed-scale predictors such as:

* % agriculture, % forest, impervious surface
» fertilizer or manure inputs
* tile drainage density

* precipitation, soil carbon, slope, etc.

Partial dependence plots (PDPs) show how predicted

concentration responds to changes in each predictor,
holding all others constant

Manure Nitrogen

T HH
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From Machine Learning to Management

Deriving land-to-water factors

Partial dependence plots (PDPs) show how predicted
concentration responds to changes in each predictor,
holding all others constant

From each PDP, Can we calculate a land-
to-water response factor?
Forexample, a PDP might show that
decreasing manure N inputs from 70 to 50

kg/ha would decrease total N
concentrations by ~ 0.2 mg/L
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Work in Progress with Nutrient Modeling

1. Add additional stations with WRTDS data across the CBW
2. Work with fine-scale land-use data and integrate into model
1. Aggregate stream-reach data across the upstream stream
reaches
3. Explicitly add wastewater inputs to the model

>  From each PDP, Can we calculate land-to-water response factors?
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