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Introduction
Addressing a Critical Water Challenge in the Western U.S.

The Western United States faces a growing water crisis driven by persistent droughts, increasing demand for irrigation, 

and population growth, leading to intensified pressure on vital groundwater resources. Effective and sustainable water 

management is severely hampered by the widespread lack of flowmeters to monitor groundwater withdrawals. Even 

where meters exist, their data can be unreliable. This research presents a novel and cost-effective solution to this critical 

data gap.

Leveraging Satellite Data and Machine Learning for Water Management

This study utilizes a suite of publicly available satellite and climate datasets, including Landsat-derived actual 

evapotranspiration (ET) from OpenET and irrigation maps (IrrMapper), to estimate annual groundwater withdrawals, 

consumptive water use, and irrigation efficiencies across Nevada, Oregon, and Arizona. By integrating this Earth 

observation data with field-level information, we employ statistical and machine learning models (Random Forests, 

XGBoost) to produce accurate groundwater withdrawal estimates.

Key Findings and Validation

Our models demonstrate strong performance, explaining 50-80% of the variance in groundwater withdrawal depths and 

up to 90% of the variance in withdrawal volumes when compared against available in-situ meter data. These results hold 

true across multiple spatial scales, from individual fields to entire groundwater basins, and have been rigorously tested 

using both spatial and temporal validation techniques. The estimated irrigation efficiencies of 80-90% are consistent with 

known irrigation practices in the region.

Empowering Sustainable Groundwater Management

This approach provides a more accurate and scalable alternative to traditional methods of estimating water use. By 

delivering reliable, data-driven insights into groundwater consumption, this research aims to empower water resource 

managers and communities. The ultimate goal is to improve water budget accounting and facilitate the implementation of 

effective, sustainable groundwater management plans across the water-scarce landscapes of the Western U.S.

Study Areas, Data, and Methods
1. Linear Regression for Field-Scale Groundwater Withdrawals in Nevada and Oregon

2. Machine Learning for Gridded Groundwater Withdrawals in Arizona

Results: Diamond Valley, Nevada

Results: Harney Basin, Oregon

Results: Arizona

Conclusion
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Primary Datasets

➢ Field-scale actual ET from OpenET (Melton et al., 
2022; Volk et al., 2024)

➢ gridMET precipitation (Abatzoglou, 2013)

➢ ET-Demands-derived effective precipitation

➢ Irrigation Data, i.e., field boundaries and water 
source type (Ott et al., 2024)

𝐶𝑈𝑖𝑟𝑟 = 𝐸𝑇𝑎 − 𝑃𝑒𝑓𝑓  

Consumptive use 
or irrigation water use 
or Net ET (Ott et al., 2024)

OpenET Actual ET

Effective precipitation 
from ET-Demands

Study Areas: Nevada and Oregon

➢ Diamond Valley is in Central Nevada and is a fully metered groundwater-

dependent basin.

➢ Harney Basin is in south-eastern Oregon, where irrigation is the primary 

user of groundwater, accounting for 95% of all groundwater use.

➢ Alfalfa and grass hay are the main crops irrigated in both these regions.

OpenET

➢ Landsat satellite-based evapotranspiration (ET) estimation

➢ Field boundary spatial summaries western 17+ states

➢ Field boundaries developed at DRI by hand, or compiled 

and modified from CLU, federal, state, research institute 

boundary sources

• Attributed with ET irrigation status (irrigated / not-

irrigated), precipitation, evaporative demand, crop 

type, vegetation indices

Meter Data

➢ Using OpenET to identify discrepancies in the 

meter data.

➢ We remove groundwater withdrawals below 70% 

or above 150% of the consumptive use.

➢ Discrepancies caused due to faulty meters or 

meter changes!

➢ These can also happen due to incorrect mapping 

of wells (points of diversion) and fields (places of 

use).

Study Area: Arizona
• Climate: Semi-arid to arid (three decades of long-term drought)
• There are two regionally extensive and predominantly used 

aquifer systems in Arizona
➢ The Basin and Range Aquifer, covering southern and 

western parts 
➢ The Colorado Plateau aquifers, which cover the northern 

and eastern parts of the state
• Pumping is generally from thick, unconsolidated aquifers, 

thereby leading to significant land subsidence 
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Methods

➢ Spatially aggregated all input datasets to 2 km resolution across the 
calendar year (for dynamic variables)

➢ Flowmeter data are available only in the Active Management Areas 
(AMAs) and Irrigation Non-Expansion Areas (INAs).

➢ Evaluated multiple ML models (XGBoost, Random Forests, 
LightGBM) based on temporal and spatial holdouts and extrapolated 
the groundwater withdrawals across the entire state of Arizona 
(Majumdar et al., 2022, 2025)

➢The current techniques for estimating groundwater withdrawals are either time-consuming or fail to produce reliable predictions at the necessary 

scales for efficient local management. 

➢The regression models (including the machine learning ones) can explain 50%-80% variance in the pumping depths and ~90% variance 

in the pumping volumes.

➢The OpenET ensemble mean produces the most consistent and accurate results.

➢Our data-driven approaches provide a more systematic way of estimating groundwater withdrawals than conventional methods based on water 

right duties, potential crop ET, low-quality meter readings, or assumed values.

➢Advances improved field-scale assessments of groundwater pumping, consumptive groundwater use, and irrigation efficiencies, thereby 

contributing to more efficient and sustainable water management solutions.

(a) (b) (c) (d)

➢ Scatter plots of the fitted (a) groundwater withdrawal or pumping (GP) depth and (b) GP volume using the Diamond 

Valley (DV) training data (70%, 360 samples), with the Net ET depth and Net ET volume as the respective predictors. 

Scatter plots (c) and (d) are the corresponding GP depth and volume predictions using the test data (30%, 155 samples).

➢ There are a total of 515 samples, including the training and test data, after the outlier removal process. The 95% CI and 

PI are obtained using bootstrapping. Here, y and x denote the response (GP) and the predictor (Net ET) variables, 

respectively. Moreover, the slopes are only estimated using the training data, and the test data GP predictions use the 

same slopes.

➢ The slopes of 1.114 and 1.106 indicate that the average irrigation efficiency (IE; inverse of the slope) for DV is about 

90%, which aligns with typical center-pivot system efficiencies (Howell, 2003) 

➢ Comparisons of the area-weighted mean annual  

Net ET and metered GP depths for each ET model 

in Diamond Valley. The OpenET ensemble mean 

shows the best skill across 2940E+4 iterations.

➢ Comparisons of the area-weighted mean annual  

Net ET and metered GP depths for each ET model 

in Harney Basin. The OpenET ensemble mean 

shows the best skill across 490E+4 iterations.

(a) (b)

➢ Scatter plots of the fitted (a) GP depth and (b) GP volumes over HB, with the Net ET depth and Net ET volume as the 

corresponding predictors. There are a total of 62 samples after the outlier removal process. These substantial 

increases in the R2 and coefficient of variation (CV) are due to the artificial correlations imposed by the field areas and 

the variability of the field areas, respectively. 

➢ For the basin-scale comparison in HB, we do not have reported GP volumes like DV, and hence, we sum up the 

actual GP volumes calculated using all the available meter data and irrigated areas (including the outliers). The 

positive and negative percentage differences indicate underestimation and overestimation, respectively. 

➢ The slopes of 1.2 and 1.22 imply an average IE of 83%, which aligns with typical center-pivot system efficiencies 

(Howell, 2003). However, the HB IE is about 7% less than that of DV because of mixed irrigation system types (Ott et 

al., 2024)

ET Model
GP depth metrics (test data, DV)

𝑅2 RMSE (%) MAE (%) CV (%)

OpenET ensemble 0.575 15.38 12.12 19.96

ALEXI/DisALEXI 0.399 18.29 14.78 23.57
eeMETRIC 0.515 16.38 12.84 22.06
geeSEBAL 0.477 17.05 13.49 21.4
PT-JPL 0.476 17.15 13.37 17.31
SIMS 0.372 18.67 13.53 19.79
SSEBop 0.41 18.04 14.37 26.84

ET Model
GP depth metrics (training data, DV)

Slope𝑅2 RMSE (%) MAE (%) CV (%)

OpenET 
ensemble

0.576 15.37 12.14 19.98 1.11

ALEXI/DisALEXI 0.398 18.32 14.81 23.61 1.13
eeMETRIC 0.509 16.5 12.91 22.13 1.01
geeSEBAL 0.482 16.99 13.46 21.49 1.16
PT-JPL 0.477 17.12 13.33 17.28 1.27
SIMS 0.377 18.67 13.5 19.86 0.97
SSEBop 0.409 18.07 14.46 26.87 1.2

ET Model
GP depth metrics (HB) Slope

𝑅2 RMSE (%) MAE (%) CV (%)

OpenET ensemble 0.346 15.54 12.5 14.26 1.22
ALEXI/DisALEXI 0.02 19.06 15.54 15.75 1.33
eeMETRIC 0.269 16.41 13.18 15.57 1.21
geeSEBAL 0.046 18.73 15.2 17.88 1.13
PT-JPL 0.25 16.63 13.52 14.66 1.34
SIMS -0.917 25.42 16.06 26.04 1.1
SSEBop 0.274 16.23 12.67 19.12 1.26

➢ Comparison of the basin-scale total annual GP volumes in DV, Nevada. Note that we use all 

the available data points (including the outliers) for these basin-scale estimates. The actual 

GP volumes were obtained from the Nevada Division of Water Resources (NDWR). Our 

basin-scale GP volume estimates are within ~7% of the NDWR-reported estimates. The 

dashed red line represents the net irrigation water requirements-derived GP assuming 

IE=85%. Here, the positive and negative percentage differences represent underestimation 

and overestimation, respectively. 

Phoenix AMA

Test years (1990-1992, 2005-2007, 2021-2023)

Tucson AMA

Test years (1990-1992, 2005-2007, 2021-2023)

Harquahala INA

Spatial holdout; Test years (1985-2023)

Majumdar et al. (2025)

DATA R2 RMSE (%) MAE (%) MBE (%)

TRAIN 0.83 49.1 32.02 -0.002

VALIDATION 0.74 60.3 40.12 0.16

TEST (1990-92, 
2005-07, 2021-23)

0.71 66.13 42.1 -2.29

All AMAs and INAs

DATA R2 RMSE (%) MAE (%) MBE (%)

TRAIN 0.82 50.27 32.92 -0.002

VALIDATION 0.73 62 41.45 0.16

TEST (2014-2023) 0.68 67.34 43.47 -1.76

DATA R2 RMSE (%) MAE (%) MBE (%)

TRAIN 0.83 49.2 31.83 -0.003

VALIDATION 0.74 60.63 39.97 0.22

TEST (2007-2010) 0.78 57.03 37.16 -5.02

➢ XGBoost shows the best model prediction performance 

across temporal and spatial holdouts

➢ We do not observe any substantial overfitting issues and 

the error metrics strongly demonstrate good model 

performance
OpenET data before 2000 is provisional and subject to change
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