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MOTIVATION

Methane and Greenhouse Gasses. 
• Methane (CH4) is the second most impactful greenhouse 

gas after carbon dioxide (CO2) and is a pollutant to Earth’s 
atmosphere. [1]

• In order to understand methane emissions, scientists have 
looked at wetlands, since they “may contribute as much as 
25%–40% … of atmospheric methane concentrations.” [2]

Methane Flux, Eddy Covariances, and the Ameriflux Network.
• To study methane emissions, scientists record a region’s 

methane flux, which quantifies how much methane moves 
through an area is a certain period. 

• Eddy covariance is a technique that analyzes meteorological 
variables and gas concentrations to measure flux. 

• Our team maintains a site at Old Women’s Creek, shown 
below, which regularly submits data to the Ameriflux 
network. 

Old Women’s Creek Flux Tower

Flux Tower at Old Women’s Creek, April 2018. 

METHODOLOGY
To solve this, we hoped to model water flux and fill in the gaps 
in the data. To do this, we had a four-step plan: 
1. Develop a linear regression model of water flux to identify 

variables that affect water flux. 
2. Modify the data pipeline by moving the WPL correction. 
3. Create a neural network to model water flux. 
4. Apply the WPL correction with the modeled water flux data.

LINEAR MODEL OF WATER FLUX

NEURAL NETWORK OF WATER FLUX

• By default, the derivation of Eddy Covariance assumes that 
the air is dry, so the WPL (Webb-Pearman-Leuning) 
correction is used to compensate for water vapor. [3] 

• Below is the WPL equation for methane flux, with water flux 
highlighted:  
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WPL CORRECTION FOR METHANE FLUX

RESULTS

Graph of methane flux ( ) from 9/1/19 to 2/28/22. Observed methane flux is in 
green and modeled methane flux is blue. The break in time is 4/1/20 to 5/1/2021. 

CONCLUSION

• We used machine learning to train a neural network to 
model water flux during the summer and winter at Old 
Women’s Creek. 

• By modeling water flux, we were able to correct raw 
methane data during periods where missing water 
concentration data caused a gap in methane flux 
calculations.

• We now have a continuous set of methane flux data for Old 
Women’s Creek from September 2019 to November 2020, 
and from May 2021 to February 2022.  
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Using MATLAB and data from winter 2021, we developed a 
linear regression model of water flux to identify driver variables 
for the neural network. We achieved an 𝑅 value of 0.53 using:

BACKGROUND

MODIFYING THE DATA PIPELINE

Modeled water flux ( ) vs. observed water flux ( ) from 11/1/21 to 2/28/22. 

Time Series of Observed and Modeled Methane Flux

Observed vs. Modeled Water Flux Data

Then, we created a neural network model for summer and 
winter using MATLAB. The script creates 3 models for day and 3 
models for night and chooses the best day and night model for 
the final product.   

Modeled water flux ( ) versus observed water flux ( ). The summer season was 
from 5/14/21 to 10/31/21 and the winter season was from 11/1/21 to 2/28/22. 

Time Series of Observed and Modeled Water Flux

Water flux ( ) versus time. Observed water flux is in green, and modeled water flux 
is in blue. The break in the plot is from 4/1/20 to 5/1/21. Winter 2019: Missing All Water Data

Summer 2020: No Missing Data

Winter 2020: Power Loss, No Data

Summer 2020: Missing Some Water 
Data

Winter 2021: No Missing Data

To correct raw methane data, water flux is needed. However, 
during winter 2019 and summer 2021, the water concentration 
sensor broke so we cannot produce methane flux data. 

1. Water temperature
2. Frictional Velocity
3. Relative Humidity

4. Soil Temperature
5. Air Temperature

Raw Data Daily Files Seasonal Files

For periods where we had to model water flux, we needed to 
move the WPL correction to when we process the entire season 
because we don’t create a model until we process the entire 
season.

Move the WPL Correction

Observed vs. Modeled Water Flux Data during Winter 2021


