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1. Abstract
Seasonal water variability in the midwestern United States extensively affects the agricultural community, as it impacts irrigation schedules, growing seasons, and overall ecosystem function. Evapotranspiration (ET) is a critical climatic variable in the water cycle and is used to evaluate spatiotemporal trends in drought and flood conditions. The NASA DEVELOP team partnered with the United States Department of Agriculture (USDA) Midwest Climate Hub, the Minnesota Department of Agriculture, the Illinois State Water Survey, and Michigan State University to compare remotely sensed ET products with in situ observations from January 2001 through December 2020. Remotely sensed actual ET (aET) data were sourced from NASA’s Terra Moderate Resolution Imaging Spectroradiometer (MODIS), and reference ET (refET) data were derived from the Gridded Surface Meteorological (gridMET) dataset. For in situ comparison, aET data were downloaded from the AmeriFlux database while refET data were collected from the Illinois Climate Network and Michigan State University’s Enviro-weather database. For a holistic assessment of ET, this project generated comparisons between remotely sensed and in situ observations, calculated descriptive statistics for validation between refET datasets, and spatially produced statistical validation maps regarding in situ sites. The temporal and spatial gaps of AmeriFlux data limited aET analysis. This comparative assessment of ET products across the Midwest can be used by project partners to assess regional water trends and guide future land management decisions.
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2. Introduction
[bookmark: _Toc334198721]2.1 Background Information
The Midwestern region of the United States is among the most intense agricultural production areas in the world, with a 2007 market value of over $76 billion, and it is of interest to consumers, policy makers, and local agencies alike (USDA, 2017). One factor essential to understanding water balance with respect to agriculture is evapotranspiration (ET), the total water vapor flux from Earth's surface to the atmosphere (Zhang et al., 2020). ET is a climatic variable critical to the hydrologic cycle that can be used to evaluate potential drought conditions and is momentous in its ability to link different interactions within the water cycle; as such, it has been referred to as the most important link in hydrological and atmospheric interactions (Hussain et al., 2019; Zhang et al., 2020). Currently, ET is used to inform hydroclimatic assessments, better understand drought propagation, allocate regional water budgets, make agronomic decisions, and assess climate change (Niyogi et al., 2020). ET guides management in water resources for agriculture and is key in understanding hydrologic responses of vegetation dynamics and changes in climate (Huo et al., 2013; Wang et al., 2020).

In the last 50 years, there has been a trend of decreasing ET in northwest China, India, and the United States (Hup et al., 2013; Zhang et al., 2020). We can expect ET patterns to become more variable over time, as a decrease in rainfall and increase in temperature will result in increased ET (Abtew & Melesse, 2013). In Midwest agriculture, the effects of climate change have already been translated to lengthened growing seasons, shifted patterns of precipitation, and increased frequency of extreme weather events easily influenced by even small changes in these categories, agriculture stands to take the brunt of the effects of climate change (USDA, 2017). For this reason, agricultural and water resource managers alike are interested in better understanding the role of ET. This project focused on several Midwestern states: Minnesota, Michigan, Ohio, Wisconsin, Iowa, Indiana, Illinois, Missouri, and Kentucky (Figure 1). The team’s study period spanned 20 years, from January 2001 to December 2021.

Reference ET (refET) is the ability of the atmosphere to remove water from a well-watered area, while actual ET (aET) is the ability of the atmosphere to remove water from the actual water-limited scenario (Niyogi et al., 2020). The aET variable is more difficult to estimate, as it requires accounting for more variables (Fetter, 2001). As a result, aET is primarily measured at in situ stations, limiting the availability of aET data across space. There are a variety of in situ methodologies used to measure ET, but none are currently recognized as a best practice for the gathering of ET data (Wang et al., 2020). Research suggests that remotely sensed aET products may allow for estimates across a larger spatial extent. For example, Niyogi et al. (2020) evaluated climatological trends of aET in Indiana, USA using the Moderate Resolution Imaging Spectroradiometer (MODIS) and compared these satellite sensor data with in situ measurements. Currently, the combination of in situ and remotely sensed data is the most robust scheme for spatiotemporal trend determination and has been used frequently in past years (Szewczak et al., 2020). While technological advances in remote sensing have greatly increased data availability, this is still an area of ongoing research (Niyogi et al., 2020; Zhang et al., 2020). In remotely sensed products, the Penman-Monteith equation is recognized as best for simulating ET values based off other atmospheric data (Wang et al., 2020).
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Figure 1. Study area map with the USGS National Land Cover
Database across the study area.

2.2 Project Partners & Objectives 
Partners involved in this project included: i) the United States Department of Agriculture (USDA) Midwest Climate Hub; ii) the National Oceanic and Atmospheric Administration (NOAA) National Integrated Drought Information System (NIDIS) Midwest Drought Early Warning System; iii) the Minnesota Department of Agriculture, Pesticide and Fertilizer Management Division; iv) the Michigan State University, Department of Geography, Environment, and Spatial Sciences; and v) the Illinois State Water Survey. The partners sought a better understanding of in situ versus remotely sensed ET data. The results of this project will aid in agricultural and natural resource managers’ decision making. The partners’ needs were closely considered while setting objectives for the project—a continuation of the NASA DEVELOP Midwest Water Resources I team’s work. Previously, an ET feasibility analysis was conducted using MODIS for aET and the Gridded Surface Meteorological (gridMET) dataset for refET. The team’s efforts allowed for comparison between datasets. Building off this work, project objectives were to: (1) evaluate remotely sensed ET products against in situ observations to assess product suitability in the Midwest, (2) analyze and illustrate ET during the 2012 drought throughout the Midwest, and (3) calculate and visualize statistics between in situ and remotely sensed products. This continuation allowed for the validation of remotely sensed data with in situ data, creating a more holistic and reliable product for end users.
[bookmark: _Toc334198726]
3. Methodology
3.1 Data Acquisition
Niyogi et al. (2020) found that aET measurements derived from NASA’s Terra MODIS sensor can provide a reasonable estimation of aET. MODIS contains an ET data product, MOD16A2 Version 6, derived from the Penman-Montieth equation (Running et al., 2017). This remotely sensed product’s algorithm combines landcover, albedo, and meteorological inputs to create 500m SIN Grid 8-day composites of ET. MOD16A2 images span a complete temporal range from January 1st, 2001 to December 31st, 2020. This data provided the project’s estimates for remotely sensed aET. The University of Idaho’s gridMET dataset provided gridded meteorological data at a ~4 km spatial resolution and daily temporal resolution. Derived from the combination of high spatial resolution data from the Parameter-elevation Regressions on Independent Slopes Model (PRISM) and high temporal resolution from the National Land Data Assimilation System (NLDAS), gridMET yielded refET observations. This dataset aims to provide high resolution and spatiotemporally comprehensive climate data (Abatzoglou, 2013). The team acquired both MOD16A2 and gridMET observations using the Google Earth Engine (GEE) Python API.

[bookmark: _Int_ySQCwTUk]For comparison to remotely sensed aET, the team selected in situ data stations from the AmeriFlux database, a network established by the U.S. Department of Energy’s (DOE) Terrestrial Carbon Program, the DOE’s National Institute of Global Environmental Change, NASA, the National Oceanic and Atmospheric Administration, and the U.S. Forest Service (AmeriFlux, 2022). In situ data stations provided a latent heat (LE) flux variable in watts per square meter, derived from the eddy covariance technique, measuring the exchange of heat from the Earth’s surface to atmosphere. The team acquired data from four AmeriFlux stations in Michigan (Table A1). Station data provided land cover classification of croplands and grasslands. For comparison to remotely sensed refET, the team collected refET measurements from several in situ stations. The Illinois Climate Network’s (ICN) Water and Atmospheric Resources Monitoring Program and Michigan State University’s Enviro-weather database contain archived data of ground-based measurements used to inform the public and policymakers on decision-making (Illinois State Water Survey, 2022; Enviro-weather, 2022; Tables A2 & A3). The stations selected (Figure 2) provided the refET variable estimated by the Penman-Montieth equation, allowing for a direct comparison to gridMET’s refET band (Allen et al., 1998). The in situ data selected from AmeriFlux, ICN, and Enviro-weather spanned from January 1st, 1990 to December 31st, 2021.

[image: ]
Figure 2. Midwestern locations of in situ data collection by four AmeriFlux stations in close proximity (green), Michigan State University’s Enviro-weather database (pink), and the Illinois Climate Network’s (ICN) Water and Atmospheric Resources Monitoring Program (blue).

3.2 Data Processing
As this was a continuation project, the previous term’s processed ET data were used for comparison between in situ data and the selected remotely sensed data products. MOD16A2 data were available at a 500m 8-day composite spatial and temporal resolution, while the gridMET dataset was at a ~4000m daily resolution. To enable comparison between datasets, the previous team standardized temporal and spatial resolution by data mining and resampling. Their composites start in January and end in December with only five or six days between composites depending on leap years. This prior data processing, conducted in GEE Python API, provided comparable datasets of gridMET and MOD16A2, which were built upon for this project’s comparison with in situ data using a point to pixel methodology.

Site data downloaded from the AmeriFlux database needed significant manipulation and cleaning. The team produced a GEE Python API script to streamline data processing of the in situ aET. In the raw AmeriFlux data, missing measurements were reported with a value of –9999.  The team removed these values using replacement methodology to accurately visualize latent heat (LE) in watts per square meter (W/m2) over time. Once the site data fulfilled general LE format requirements of the project, with appropriate values and measurement frequency, the team summed the semi-hourly data and then averaged each unit to produce daily LE (W/m2) values. Finally, the team converted AmeriFlux station LE (W/m2) measurements to ET (mm/day) using Equation E1 (Allen et al., 1998; Holland, 2022). The MOD16A2 ET values are aggregated to mm/8-days from summing the ET for each day. The value should be compared to the average of the AmeriFlux data over the same 8 days. The comparison was not performed in this project because of gaps in the AmeriFlux data.

For In situ refET, the team collected data from the ICN and Enviro-weather databases. The team downloaded ICN and Enviro-weather data as text files and then converted to CSV files that required additional cleaning. The team produced a GEE Python API script to remove null values and format dates. The refET values in both datasets were given in mm/day, therefore the ICN/Enviro-weather to gridMET comparison can be made directly without unit conversion. Timeseries were plotted to ensure continuity. Figure 3 depicts the methodology followed by the team to meet project objectives.

[image: ]
Figure 3. Workflow of methodology for comparison between remotely sensed and in situ products.

3.3 Data Analysis
[bookmark: _Int_cwwKBjbK]This project’s first DEVELOP term produced climatology maps and timeseries highlighting comparisons, trends, and anomalies of ET in the Midwest. For this second term, these products were converted to 8-day aggregations using the GEE Python API. The team ran multiple statistical analyses on this term’s additional comparisons between in situ station data and remotely sensed ET products. Enviro-weather and ICN observations were compared with refET values from gridMET and aET values from MODIS were also compared with refET values from gridMET in a 2012 drought case study. The team calculated the correlation coefficients, root mean square error (RMSE), percentiles, overall bias, and slope of the linear regression analyses. 

[bookmark: _Toc334198730][bookmark: _Hlk100749692]4. Results & Discussion
4.1 Overview of Results
The end products of this project include statistical analyses of comparisons between the remotely sensed products and in situ datasets. These consist of standard statistics (i.e., correlation coefficient, RMSE, slope of linear regression, and percent bias) as well as percentile data. The team also created a timeseries analysis of a 2012 drought case study. Additional products include analyses of the 2012 drought, as well as spatial distribution maps of selected statistics for in situ sites. The results of the time series display high values of aET and refET in summer of 2012. While there are many indicators of drought such as temperature, streamflow, and snowpack, ET is a significant component to the analysis of drought. High refET and low aET measurements indicate the presence of drought conditions affecting the Midwest region. The analysis of the 2012 case study highlighted the relationship between ET and flash droughts, illustrating the potential impacts of such events on agricultural production.

4.1.1 Statistical Analysis
To determine whether in situ data validated the accuracy of remotely sensed data, the team calculated statistics including RMSE, percent bias, correlation coefficient, and slope of regression (Appendices B & C). Due to limited data availability with temporal and spatial gaps, the team was unable to perform statistical analyses for AmeriFlux and MODIS comparisons. For consistency between previously obtained remotely sensed dataset calculations from the first term, dates were selected from 2012 to 2021. Both ICN and Enviro-weather data showed strong correlation with gridMET observations (Table C2). The slope of regression shows a consistent increase in both in situ refET and the gridMET values (Figure B2). The RMSE is low, further providing evidence to this point (Figure B1). Percent bias is very different between the two in situ datasets, ICN and Enviro-weather (Figure B3). High percent bias in ICN data was localized to primarily one site, while Enviro-weather’s distribution throughout the state shows no clear pattern emerging (Figure 4). Overall, percent bias is consistently low, indicating the data is statistically a good fit to the remotely sensed data from gridMET. Between the two in situ sources, ICN appears to be in better agreement with gridMET. However, land cover varied greatly between the in situ station locations and could explain the observed variability. Uniform fields of crops found in Illinois differ from Michigan's greatly varied landscape and mixed land cover, providing further evidence to this point. Although there appears to be strong correlation between gridMET and in situ data, gridMET values are higher than those of the in situ stations (Tables C2 & C3).
The World Imagery (Firefly) basemap is credited to Esri, Maxar, Earthstar Geographics, and the GIS User Community.
Figure 4. RefET percent bias mapped by in situ data collection site.


In addition to standard statistics, the team plotted refET by dataset percentile in order to elaborate further on gridMET and in situ comparisons (Figures D1-D4). ICN tended to have higher percentile distributions of values than Enviro-weather. Percentile distributions of extracted gridMET values from ICN locations also tended to have higher percentile distributions than the extracted gridMET values from Enviro-weather. These consistencies show that gridMET values are higher than in situ values when comparing percentile distributions. In situ station and gridMET data were also analyzed by landcover type to examine landcover influences on the distributions of data. The team focused on corn and soybeans because they are major crops of the Midwest. Corn and soybean percentiles show the same distributions as the overall distributions without landcover. Corn percentiles combined with soybean percentiles on a single graph have corn percentile distributions at higher values than soybean (Appendix D). This was due to corn having a higher demand for water resources than soybean because of the crop’s greater release of water (i.e., greater refET values). Landcover and the overall percentiles act as a qualitative comparison for this analysis, which highlights water resource priority in agriculture productivity.

4.1.2 2012 Case Study
In the spring of 2012, the Midwest endured a rainfall deficit. The resulting flash drought event, considered a “100-year drought” devastated agricultural productivity and resulted in a loss of 40 billion dollars nationwide (Fetter, 2020). Categorized as an exceptional drought, the low crop yields and forage production led to water shortages and extreme water conservation measures. The onset of this flash drought began in the early summer, leaving the landscape to experience severe water loss during the next two months. 

MODIS-derived aET levels were very low, around 21 mm/8-days, for much of the area on the week of April 6th (Figure 5). In contrast, June shows the onset of drought conditions with high aET values reaching a maximum of 77 mm/8-days. As the summer season continued to August, most of the region’s water had already released into the atmosphere, resulting in a decrease of aET rates. Selected dates from the AmeriFlux database were compiled to display the impact of the flash drought during the early summer (Figure E1). The Michigan sites show trends consistent with MODIS’s remotely sensed aET values, producing high measurements of ET during the onset of the drought followed by a gradual decrease over time.
Figure 5. MODIS-derived aET before, during, and after the 2012 flash drought.


[bookmark: _Toc334198734]The team also compared aET and refET across the case study timeframe (Figure 6). The composite images in comparison display 8-day composites with a start date of June 25th chosen to highlight the higher values of ET during the onset of the drought. The yellow symbology represents values upward of 70 mm/8-day which can be seen abundantly in the Southwest corner of the refET map. Accompanying the composite images, the timeseries displays MODIS aET and gridMET refET values from April through September of 2012. Specifically, this timeseries illustrates the drastic onset of the drought occurring during the early summer months as a result of the region experiencing limited water availability.

4.2 DiscussionFigure 6. 2012 case study refET and aET comparison and accompanying timeseries.

The Midwest region of the US is surrounded by freshwater bodies, but not all areas have freshwater sources in such proximity. In arid to semi-arid regions where water is even more limited, ET information can help understand the environmental context with a larger goal of improving water use efficiency, by extension impacting food security and local or regional economies that rely on agriculture (Wang et al., 2020). ET also has a part to play in preventing further desertification of arid regions. In such areas, even small changes in temperature and precipitation can have a significant effect on water balance (Huo et al., 2013). ET can also be used to better understand the new environments we face with a warming climate. By tracking ET over space and time, we can understand a region's response to climate change, agricultural practices, or potential mitigation strategies (Zhang et al., 2020).

ICN and Enviro-weather had little to no data gaps of refET, so only a few stations were removed from analysis and the team could perform statistical analyses on these in situ refET observations with those derived from gridMET. ICN and Enviro-weather have similar correlation coefficients, around .90, which suggests both datasets are in agreement with gridMET observations. Additionally, ICN and Enviro-weather consistently have positive slopes of regression indicates both in situ datasets are positively related with gridMET observations.

ICN and Enviro-weather agree with measurements from gridMET but exhibit slight variation in bias (Table C1). This suggests that landcover may have influenced the variation of bias across both in situ station datasets. Although gridMET is strongly correlated to in situ, gridMET poorly predicts in situ values; the high RMSE suggests the model was not accounting for characteristics unique to each in situ datasets. Percentiles for landcover were plotted for ICN, Enviro-weather, and gridMET. Enviro-weather has a lower range of refET values for corn and soybean than ICN. Corn landcover has a higher percentile distribution than soybean which suggests soybeans have a higher demand for resources than corn does.

4.3 Limitations
The project was inherently limited by the temporal and spatial resolutions of MODIS and gridMET. Gaps in MODIS data were especially notable during times of high albedo or in areas with limited vegetation cover. This data loss is documented for the MODIS product and associated with missing or flagged data throughout the yearly data collection despite instrumental gap filling algorithms within the product. Although limitations exist, the framework created for data mining and re-sampling allowed for comparison of ET between the two products.

The team endured a complex trial and error process to retrieve accurate AmeriFlux data. Originally, MODIS and AmeriFlux data were to be transformed into comparable aET values for statistical analysis, but AmeriFlux station data gaps were too large for deriving these statistics without bias. In the initial steps, the team downloaded latent heat flux data, provided in watts per square meter in semi-hourly format, from sites within our study area for the full study period between 2012 and 2021. Timestamps were originally in a 9-digit format; these timestamps were manipulated in a Python API and plotted. Once plotted, clear outliers and null data values resulted in most of the data, on a long-term scale, being unusable and limiting the team’s ability to conduct statistical analyses. A new approach was taken, and the team selected temporal ranges that contained fewer missing data. Data from this selection was cleaned and converted from latent heat in watts per square meter to aET in mm per day. If aggregated to mm/8-day, comparison of AmeriFlux with MOD16A2 ET is possible but was not performed in this project due to limited availability of AmeriFlux data.

AmeriFlux data uncertainty arose from the large temporal gaps and outlier values occurring throughout both day and night. These values were corrected for the case study, however, this still resulted in some loss of data. Null values exist within the data for any selected year, day or night within the dataset. This missing data highlighted the importance of identifying temporal ranges containing as few null values as possible. Even a few hours in the middle of one single day is significant to lose, but AmeriFlux has gaps that span over weeks at a time. For instance, in Bondville, 74,253 values are missing from a total of 227,952, resulting in 30.6% of missing values from this site (Figure 7).
Figure 7. Time series of null value quantity from AmeriFlux Bondville (Bo1) site.



4.4 Future Work
Measuring aET has gained traction within the past decade and is giving way to new datasets and methodologies. NASA’s Earth-observing Landsat program contains a variety of satellites and bands applicable to quantifying aET. Additionally, the product OpenET provides aET calculations at a monthly timestep. However, with this project’s focus being in situ data comparisons, the Landsat and OpenET datasets would have required complex processing and troubleshooting. Currently, OpenET is not available in the Midwest region and only produces monthly data, but there are plans to produce daily data in the near future. Such updates could be utilized in the continuation of this work to quantify aET, calculate spatiotemporal variability, and compare to in situ observations.

This research can also be expanded through quantification of ET measurements by crop type and growing cycles. A calculation of seasonal ET variation with respect to crop type would provide insight on the ET response to specific agricultural practices.
[bookmark: _Toc334198735]
5. Conclusions
This project’s findings provided a more holistic picture of evaluating ET in the Midwest. With refET, there is a strong statistical correlation between data derived from gridMET and the in situ sites of Enviro-weather and ICN. Additionally, percent bias analyses proved the ICN datasets agree more closely than Enviro-weather to gridMET; this could be due to more diverse land cover types at the Enviro-weather stations. In terms of aET, the workflow and application of AmeriFlux data allowed for further understanding of the complexities of using in situ observations over a large temporal range. This climatological analysis of ET provides information for our partners to include in monthly climate webinars, drought reports, and recommendations to agricultural and natural resource managers.

[bookmark: _Toc334198736]Previous studies suggest extreme droughts will continue to occur more frequently in the foreseeable future, emphasizing the importance of using both remotely sensed and in situ products as a resource for monitoring ET. NASA Earth observations provide data to conduct this research both qualitatively and quantitatively. This project evaluated satellite and in situ ET products that can enhance our understanding of water resources and support future water and food security in local communities.
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[bookmark: _Toc334198737]7. Glossary

Earth observations – Satellites and sensors that collect information about the Earth’s physical, chemical, and biological systems over space and time
Evaporation – The process by which water changes from a liquid form to gas vapor; the primary pathway liquid water moves back into the atmosphere in the water cycle
Evapotranspiration (ET) – The sum of water lost to the atmosphere by evaporation and transpiration
aET – Actual evapotranspiration, defined as the amount of ET that occurs under true field conditions
refET – Reference evapotranspiration, defined as the amount of ET from a well-watered grass or crop field surface
gridMET – Gridded Surface Meteorological dataset
MODIS – Moderate Resolution Imaging Spectroradiometer
100-year drought – a severe drought that has a probability of occurring once in every 100 years
Transpiration – The evaporation of water from plant stomata
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Appendix A

Table A1. Selected AmeriFlux stations within the state of Michigan.

	State
	Site ID
	Station Name
	Period of Record

	MI
	US-KL1
	KBS Lux Arbor Reserve Corn
	2009 - 2020

	
	US-KL3
	KBS Lux Arbor Reserve Prairie
	2009 - 2020

	
	US-KM2
	KBS Marshall Farms Prairie
	2009 - 2020

	
	US-KM3
	KBS Marshall Farms Switchgrass
	2009 - 2020



Table A2. Selected ICN stations within the state of Illinois.
	State
	Site ID
	Station Name
	Period of Record
(start)

	IL
	FRM
	Belleville
	11/16/1989

	
	BRW
	Brownstown
	8/25/1989

	
	DEK
	DeKalb
	1/1/1989

	
	DXS
	Dixon Springs
	2/9/1990

	
	FAI
	Fairfield
	9/14/1991

	
	MON
	Monmouth
	7/21/1989

	
	OLN
	Olney
	8/24/1989

	
	ORR
	Perry
	7/1/1989

	
	RND
	Rend Lake
	3/18/1990

	
	LLC
	Springfield
	1/1/1989

	
	STE
	Stelle
	1/1/1989



Table A3. Selected Enviro-weather stations within the state of Michigan.
	State
	Site ID
	Station Name
	Period of Record

	MI
	SPO
	Sparta
	1996 - 2022

	
	HAW
	Hawks
	1999 - 2022

	
	ALB
	Albion
	2000 - 2022

	
	BEL
	Belding
	2000 - 2022

	
	CER
	Ceresco
	2000 - 2022

	
	FRM
	Fremont
	2000 - 2022

	
	GRJ
	Grand Junction
	2000 - 2022

	
	OLD
	Old Mission
	2000 - 2022

	
	PIG
	Pigeon
	2000 - 2022

	
	BBC
	Bainbridge
	2001 - 2022

	
	BNZ
	Benzonia
	2001 - 2022

	
	HVL
	Hudsonville
	2001 - 2022

	
	WEO
	West Olive
	2001 - 2022

	
	LDT
	Ludington
	2002 - 2022


Appendix BFigure B2. Statistics for selected sites showing correlation and regression between in situ sites versus gridMET.
Figure B1. Statistics for selected sites showing root mean square error between in situ sites versus gridMET.


Figure B3. Statistics for selected sites showing percent bias between in situ sites versus gridMET.

Appendix C

Table C1. Statistics for selected in situ sites versus gridMET.

	
	Site ID
	Correlation Coeff.
	RMSE
	Slope of Regression
	Percent Bias

	ICN vs. gridMET
	STE
	0.914
	0.88
	0.884
	1.11

	
	LLC
	0.916
	0.905
	0.883
	1.126

	
	RND
	0.904
	0.879
	0.906
	1.09

	
	ORR
	0.906
	0.981
	0.832
	1.163

	
	OLN
	0.91
	0.88
	0.888
	1.106

	
	MON
	0.913
	0.895
	0.882
	1.093

	
	FAI
	0.915
	0.896
	0.887
	1.129

	
	DXS
	0.893
	0.993
	0.884
	1.176

	
	DEK
	0.908
	0.906
	0.894
	1.097

	
	BRW
	0.914
	0.889
	0.877
	1.125

	
	FRM
	0.736
	1.452
	0.74
	1.107

	Enviro-weather vs. gridMET
	ALB
	0.922
	1.115
	0.731
	1.399

	
	BEL
	0.935
	0.882
	0.817
	1.246

	
	CER
	0.93
	1.223
	0.676
	1.471

	
	FRM
	0.929
	0.983
	0.784
	1.312

	
	GRJ
	0.895
	1.383
	0.65
	1.599

	
	HAW
	0.919
	0.974
	0.811
	1.294

	
	OLD
	0.907
	0.879
	0.789
	1.232

	
	PIG
	0.924
	0.71
	0.884
	1.096

	
	SPO
	0.931
	0.906
	0.801
	1.258

	
	WEO
	0.93
	1.077
	0.738
	1.365









Table C2. Statistics for selected in situ sites.

	
	Site ID
	Mean
	Std. Dev.
	Min.
	25th Percentile
	50th Percentile
	75th Percentile
	Max.

	ICN
	STE
	2.727
	1.955
	0
	1.016
	2.286
	4.318
	8.382

	
	LLC
	2.931
	1.972
	0
	1.27
	2.54
	4.572
	7.874

	
	RND
	2.977
	1.908
	0
	1.27
	2.794
	4.572
	8.128

	
	ORR
	2.819
	1.877
	0
	1.27
	2.54
	4.318
	8.128

	
	OLN
	2.932
	1.914
	0
	1.27
	2.54
	4.572
	8.382

	
	MON
	2.828
	2.009
	0
	1.016
	2.54
	4.572
	8.89

	
	FAI
	3.01
	1.92
	0
	1.27
	2.794
	4.572
	8.128

	
	DXS
	2.853
	1.841
	0
	1.27
	2.54
	4.318
	7.62

	
	DEK
	2.682
	2.008
	0
	0.762
	2.286
	4.318
	9.398

	
	BRW
	2.905
	1.903
	0
	1.27
	2.54
	4.572
	8.636

	
	FRM
	3.052
	1.953
	0
	1.27
	2.794
	4.572
	8.382

	Enviro-weather
	ALB
	2.006
	1.509
	0.102
	0.635
	1.651
	3.207
	6.248

	
	BEL
	2.182
	1.7
	0.102
	0.66
	1.702
	3.531
	7.137

	
	CER
	1.938
	1.406
	0.102
	0.66
	1.626
	3.073
	6.629

	
	FRM
	2.11
	1.627
	0.102
	0.635
	1.676
	3.429
	7.137

	
	GRJ
	1.758
	1.363
	0.076
	0.584
	1.372
	2.718
	7.468

	
	HAW
	2.059
	1.703
	0.076
	0.559
	1.473
	3.429
	6.96

	
	OLD
	1.977
	1.546
	0.102
	0.635
	1.524
	3.15
	6.579

	
	PIG
	2.261
	1.687
	0.127
	0.787
	1.778
	3.581
	8.661

	
	SPO
	2.166
	1.647
	0.127
	0.66
	1.753
	3.556
	6.756

	
	WEO
	2.079
	1.55
	0.102
	0.686
	1.651
	3.327
	7.595











Table C3. Statistics for gridMET values from selected in situ site locations.

	
	Site ID
	Mean
	Std. Dev.
	Min.
	25th Percentile
	50th Percentile
	75th Percentile
	Max.

	gridMET
	STE
	3.028
	2.021
	0.048
	1.2
	2.799
	4.7
	12.386

	
	LLC
	3.301
	2.046
	0.08
	1.479
	3.148
	4.957
	14.237

	
	RND
	3.244
	1.904
	0.084
	1.5
	3.124
	4.8
	11.045

	
	ORR
	3.278
	2.044
	0.067
	1.495
	3.1
	4.9
	14.83

	
	OLN
	3.243
	1.962
	0.043
	1.5
	3.124
	4.88
	11.464

	
	MON
	3.091
	2.08
	0.047
	1.2
	2.852
	4.752
	14.045

	
	FAI
	3.398
	1.981
	0.088
	1.6
	3.3
	5
	12.256

	
	DXS
	3.355
	1.859
	0.1
	1.684
	3.3
	4.934
	8.792

	
	DEK
	2.943
	2.041
	0.043
	1.1
	2.642
	4.54
	12.411

	
	BRW
	3.27
	1.984
	0.055
	1.5
	3.1
	4.871
	12.934

	
	FRM
	3.377
	1.942
	0.1
	1.6
	3.3
	4.928
	11.487

	
	ALB
	2.806
	1.905
	0
	1.093
	2.519
	4.35
	10.345

	
	BEL
	2.719
	1.945
	0.04
	0.958
	2.3
	4.3
	10.744

	
	CER
	2.851
	1.936
	0
	1.1
	2.577
	4.405
	10.247

	
	FRM
	2.767
	1.927
	0.032
	1
	2.4
	4.353
	9.764

	
	GRJ
	2.811
	1.877
	0
	1.107
	2.404
	4.4
	9.023

	
	HAW
	2.664
	1.931
	0
	0.932
	2.2
	4.2
	8.7

	
	OLD
	2.435
	1.777
	0
	0.878
	2
	3.825
	8.222

	
	PIG
	2.477
	1.763
	0
	0.9
	2.1
	3.9
	9.283

	
	SPO
	2.726
	1.913
	0
	0.984
	2.4
	4.3
	10.562

	
	WEO
	2.838
	1.953
	0
	1.093
	2.4
	4.468
	10.338
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Figure D1. Reference ET percentile graph for all ICN and Enviro-weather stations with all gathered gridMET values from the in situ locations.
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Figure D2. Corn and Soybean reference ET percentile graph for ICN and Enviro-weather stations with gathered gridMET values from the in situ locations.
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Figure D3. Soybean reference ET percentile graph for ICN and Enviro-weather stations with gathered gridMET values from the in situ locations.
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Figure D4. Corn reference ET percentile graph for ICN and Enviro-weather stations with gathered gridMET values from the in situ locations.


Appendix E
The team converted AmeriFlux station LE (W/m2) measurements to ET (mm/day) using Equation E1 (Allen et al., 1998; Holland, 2022).




June 25th – July 12th 
June 25th – July 12th 
June 9th – June 30th 
June 9th – June 30th 
Figure E1. Derived from Michigan AmeriFlux in situ stations, decreasing rates of in situ aET correspond with the 2012 case study flash drought.

ICN vs gridMET

Cor. Coefficient	STE	LLC	RND	ORR	OLN	MON	FAI	DXS	DEK	BRW	FRM	0.91394463284678695	0.91616314890492501	0.90354263550487302	0.90566030717455703	0.91012217342023605	0.91296509007575699	0.91475468999644205	0.89298484836076297	0.90840142334390095	0.91387062643635597	0.73613830002327296	Regression Slope	0.88407306047349399	0.88326062772020397	0.90580027991527801	0.83178681280125399	0.88754419854093503	0.88165945551580305	0.88679080126504894	0.88416046905650603	0.89370084658211502	0.87677889983633095	0.74031892053563197	Site ID





Enviro-weather vs gridMET

Cor. Coefficient	BBC	ALB	BEL	BNZ	CER	FRM	GRJ	HAW	HVL	LDT	OLD	PIG	SPO	WEO	0.89181193826747296	0.92246081515313805	0.93496533826097405	0.85670357221847204	0.93028665548632805	0.92903498012006902	0.89458711867246399	0.91924012360337404	0.93122228680968699	0.90878596282805002	0.90713177216186303	0.923945317394264	0.93057352690727502	0.93024001855501603	Regression Slope	BBC	ALB	BEL	BNZ	CER	FRM	GRJ	HAW	HVL	LDT	OLD	PIG	SPO	WEO	0.76066013834115997	0.73056738828165102	0.81709046940584895	0.64528870451772502	0.67569128064959605	0.78433141404708895	0.64954838754605604	0.81086636056594796	0.83264614799391501	0.74237754331986605	0.78926154814745797	0.88431103007228296	0.80126129787351597	0.73845060523113903	Site ID





ICN vs gridMET

RMSE	STE	LLC	RND	ORR	OLN	MON	FAI	DXS	DEK	BRW	FRM	0.88030545821034101	0.90482535626303096	0.87862207720326702	0.98073295338816902	0.87953261460576904	0.89505373616484796	0.89582502947267495	0.99273390384967897	0.90553412324808302	0.888522147010256	1.45156549369504	Site ID


RMSE (mm/day)



Enviro-weather vs gridMET

RMSE	BBC	ALB	BEL	BNZ	CER	FRM	GRJ	HAW	HVL	LDT	OLD	PIG	SPO	WEO	1.16379921818512	1.1148033424069701	0.88228747971709298	1.3931456772873501	1.22267225241807	0.98323645436249896	1.38287170063641	0.97422721301084303	0.847433361097511	1.0438820195118299	0.87915386365395998	0.71034954361829605	0.90620615494993095	1.07671832394745	Site ID


RMSE (mm/day)



ICN vs gridMET

Percent Bias	STE	LLC	RND	ORR	OLN	MON	FAI	DXS	DEK	BRW	FRM	11.030045096996801	12.635655326058101	8.9729380306377191	16.2687267340185	10.583436153254901	9.2839038381755401	12.893838929815399	17.623996836215799	9.74259490703548	12.5403899369503	10.660913966996501	Site ID


Percent Bias



Enviro-weather vs gridMET

Percent Bias	BBC	ALB	BEL	BNZ	CER	FRM	GRJ	HAW	HVL	LDT	OLD	PIG	SPO	WEO	31.5092564132195	39.8858576835893	24.605752403416002	56.669316914268997	47.1453529554963	31.158504534953202	59.901901807468704	29.391252851821697	21.968445208094202	32.087503976709506	23.158075223032501	9.5558803212652599	25.833181245494703	36.470405297727901	Site ID


Percent Bias



KM2: Grassland 

1.081171996537855	1.2221803027671532	1.4545175944400626	1.1905944603253154	1.0881636355717665	0.92139188033221631	0.94872185372732654	0.93439484241423498	0.95936268376774458	0.95777276475946371	1.039839212954456	0.80050510638702688	0.86519276205934526	0.79718966226340682	0.59563142430402194	0.57496679240536275	0.57963640930303628	aET mm/day



KM3: Grassland

2.1651438465230672	2.413454459790024	2.1555426862263407	1.96912872681388	2.1233277899378948	1.5410673685824134	1.678259970860607	1.5869689705540215	1.4001306191315068	1.6546371995406153	1.6603297090516562	1.6391394147545348	1.6592234793128948	1.4142095653184146	1.1457718672269319	1.2027631436208595	1.1425641471056782	aET mm/day



KL3: Grassland

3.9107162504988153	4.1805215351350551	2.3782287072279185	2.8633219143217663	2.0789566056890769	2.9654468095475157	2.9367922747003159	2.3588629606614746	2.2480155396855284	3.2295755896342673	3.1142276143030361	2.8213687890053234	1.6907671515910889	1.9608691665555995	1.6892995264796922	1.7235245310153779	1.4906080773826895	1.4929257084611589	1.8718025911395904	1.5061934430283912	1.124985803227524	1.1875753422131312	aET mm/day



KL1: Cropland

2.459989372198343	2.7383622543771398	1.2377808934353312	2.2817665793257098	1.8110617542912069	2.2284754655323344	2.5345487451754733	2.5645069989603617	3.3502479716069096	3.5324362960788633	3.0066137730727522	3.0778078472496042	1.7972205552560574	2.5597648030896489	2.2450542035931944	2.2746044453085568	2.0157279813702678	2.1384118039294164	2.8728123731279571	2.5777423120031551	1.6332757340320256	2.2413886723639593	aET mm/day
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