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Abstract  

This study presents historical estimates and future projections of net infiltration (potential 

recharge), actual evapotranspiration (ET), surface runoff, and related water-budget components 

across Minnesota using the USGS Soil-Water-Balance model, version 2 (SWB). The model was 

calibrated to streamflow and actual ET observations from 2000–2022, achieving an overall r² of 

0.973 with a standard error of 0.002 inches per year (in/yr). Two primary sets of simulations 

were produced. First, historical water-budget components for 1981–2022 were estimated using 

observed daily PRISM weather data. During this period, Minnesota’s mean annual precipitation 

was 28.5 in/yr. The calibrated SWB model simulated mean annual actual ET of 21.6 in/yr, mean 

annual surface runoff of 3.0 in/yr, and mean annual net infiltration of 4.0 in/yr for Minnesota. 

Second, water-budget component projections were simulated for 1995–2014, 2040–59, and 

2080–99 using 4-kilometer, dynamically downscaled climate models representing intermediate, 

high, and very high emissions scenarios. All future climate models showed warming relative to 

the historical period, leading to consistent responses in temperature‑sensitive components on an 

annual basis: less snowfall and snowmelt and higher reference ET. Seasonal shifts were also 

apparent, with most models projecting increases in winter precipitation, actual ET, runoff, and 

net infiltration, and decreases in summer and fall precipitation, actual ET, and net infiltration 

relative to the historical period. The accompanying data products are intended for estimating 

multi-year mean water budget components at spatial scales no smaller than the smallest 

watershed included in model calibration (about 20 square miles). These updated historical 

estimates and future projections provide decision-relevant information for water-resource 

managers and offer a framework for developing long-range projections of water-budget 

variables. 
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Introduction  

Understanding the amounts of precipitation, evapotranspiration, runoff, and groundwater 

recharge that occur in Minnesota is essential for natural-resource managers to make decisions 

that affect water resource sustainability in supporting both human and natural ecosystems. 

Hydrologic models such as the USGS Soil-Water-Balance (SWB) code provide a framework for 

estimating water-budget components and enable resource managers to understand how 

combinations of climate variability, geology, and land-use affect water budget components. 

Models such as SWB produce spatial output that can be used independently or as input to other 

models (for example, MODFLOW) to inform decisions on groundwater sustainability and water 

management (Westenbroek and others, 2018). 

 

Description of Study Area  

Figure 1. Approximately here (map of calibration watersheds). 

 

Figure 2. Approximately here (Map of PRISM mean annual precipitation).  

 

The primary study area is the state of Minnesota, USA. The model domain also includes 

parts of North Dakota, South Dakota, Iowa, and Wisconsin that border Minnesota and a small 

part of Michigan (figure 1) that is within the rectangular extent of Minnesota.  

Minnesota has a typical temperate, continental climate with moderately hot summers and 

cold winters. The state has a distinct precipitation gradient which generally increases from west-
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northwest to east-southeast (figure 2). The precipitation is also seasonal, with about 75 percent of 

it occurring during May to September (Anurag and Ng, 2022). Wintertime precipitation typically 

comes as snow, which melts in March and April.  

As of 2020, about 5.7 million people lived in Minnesota, with over half of the population 

living in the seven-county Twin Cities metropolitan area around Minneapolis and Saint Paul 

(figure 1; U.S. Census Bureau, 2025). Residents of Minnesota are dependent on groundwater. 

Groundwater use in Minnesota has increased substantially since the 1980s, driven by population 

growth, agricultural expansion, and industrial development. In the early 1980s, surface water was 

the dominant source of water for municipal supply, but groundwater gradually became the 

primary source, particularly in the Twin Cities metropolitan area around Minneapolis and Saint 

Paul (Minnesota Department of Natural Resources, 2023a). Currently, about 75 percent of the 

drinking water used by residents of the state is from groundwater (Minnesota Department of 

Natural Resources, 2025). In 2015, public water supply accounted for the largest share of 

groundwater use in Minnesota at approximately 336 million gallons per day (43 percent), 

followed by irrigation at 242 million gallons per day (31 percent) (Dieter and others, 2018). 

Approximately 40 percent of the land within the state is cropland used to grow mainly 

corn and soybeans (United States Department of Agriculture, 2022), primarily in the southern 

half of the state. Although only about 3 percent of Minnesota’s cropland was irrigated in 2022 

(over 600,000 acres), about 90 percent of the water supply for irrigation is groundwater (United 

States Department of Agriculture, 2022; Minnesota Department of Natural Resources, 2025). 

Forests and forested wetlands dominate the land cover in the northern parts of the state. 

Minnesota is generally perceived as a water-rich state, but regional trends in population 

and water use highlight a need to understand water budget components, especially groundwater 
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recharge, across a range of historical conditions and potential future conditions. Minnesota’s 

population is projected to continue to grow over the next five decades, increasing to about 6.11 

million people by 2075 (Minnesota State Demographic Center, 2024). Irrigation practices in 

Minnesota and the upper Midwest are increasingly shaped by heightened precipitation 

variability, characterized by more frequent transitions between wet and dry extremes and longer 

dry spells interspersed with intense rainfall events (Ford and others, 2021; Clark and others, 

2023). Historically, the region relied on rain-fed agriculture, but climate projections indicate 

greater drought risk and irregular summer precipitation, prompting farmers to consider 

supplemental irrigation to maintain crop yields during critical growth stages (Davenport and 

others, 2022). Ongoing and new industrial uses of groundwater, such as data centers (Privette 

and others, 2026), are also vying for access to Minnesota’s groundwater resources.  

Previous Studies 

Many studies have documented estimates of groundwater recharge in Minnesota, and 

several of these studies used the SWB model to do so. Groundwater recharge rates have been 

estimated using observed data (weather, streamflow, groundwater levels) for all or part of 

Minnesota and for different periods of time. Projections of how those rates could evolve in the 

future have been simulated using climate data combined with hydrologic models (but not the 

SWB model) to generate future recharge estimates for Minnesota.  

Groundwater Recharge Studies Based on Observed Data 

Prior to applications of the SWB model to Minnesota, a variety of methods were used to 

estimate statewide groundwater recharge in Minnesota for various historical periods. These 

include watershed-scale recharge estimates from streamflow characteristics and water table 
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fluctuations in observation wells (Kanivetsky, 1979), a gridded baseflow index approach for the 

period 1951–80 (Wolock, 2003a; 2003b), and a watershed-scale regression-based approach for 

the period 1971–2000 (Delin and others, 2007). Other early studies estimated recharge for parts 

of Minnesota including the upper part of the Mississippi River basin (Arnold and others, 2000), 

the Twin Cities metropolitan area (Ruhl and others, 2002), and parts of northeast Minnesota 

adjacent to Lake Superior (Neff and others, 2006). This list may not be comprehensive, but is 

included to illustrate the variety of methods, times, and spatial extents of past large-scale 

recharge estimates in Minnesota.  

Since the development of the USGS SWB model code (version 1, Westenbroek and 

others, 2010), it has been used to simulate recharge in multiple local, statewide, and regional 

studies that include all or part of Minnesota. Smith and Westenbroek (2015) calibrated SWB to 

Minnesota baseflow conditions and simulated statewide recharge for the period 1996–2010. Two 

regional applications of the SWB model that were calibrated to baseflow across the glacial 

aquifer system of the conterminous United States also contain statewide recharge estimates 

(Trost and others, 2018; Yager and others, 2018). At a local scale, the SWB model was used to 

simulate recharge for 1995–2010 in the Cannon River watershed (Smith, 2020), 1995–2010 in 

the Saint Louis River watershed (Smith, 2019), and 1988–2011 in the Twin Cities metropolitan 

area (Metropolitan Council, 2013). One application of the SWB model was used to estimate 

actual evapotranspiration for restored prairies in western Minnesota for 2002–2015 (Cowdery 

and others, 2019).  

Previously estimated recharge rates across Minnesota show a large gradient that reflects 

the differing climatic and geologic regions of the state. The base-flow method of Kanivetsky 

(1979) identified the western and north-western regions to have the lowest recharge (about 2 
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inches per year [in/yr] at the lower end), and the northeastern region to have the highest amount 

(10 to over 12 in/yr), but many parts of the state lacked enough data to calculate estimates. The 

base-flow index method of Wolock (2003a; 2003b) refined the spatial gradient identified by 

Kanivetsky (1979), and Delin and others (2007) found a spatial correlation between precipitation 

and recharge rates estimated with a regional regression equation that included streamflow, soil 

characteristics, and climate variables. That study produced estimates with much greater spatial 

detail than previous work. In the northwestern and central-western part of the State, recharge was 

the lowest (less than 2 in/yr), increasing towards the east. In the eastern part of the State along 

the border with Wisconsin, recharge averaged about 8 to 10 in/yr. North of Lake Superior, 

recharge increased to over 10 in/yr.  

The Smith and Westenbroek (2015) model incorporated even greater spatial detail than 

the Delin and others (2007) estimates and was the first use of the Soil-Water-Balance model 

across an entire state. This model also estimated low recharge in the western edge of the state 

(1.5 to 3 in/yr) and moderately low (less than 5 in/yr) in the southwest. The central and north-

central parts of the state had highly variable potential recharge, with very low rates over wetland 

areas (less than 2.5 in/yr) but relatively high rates (over 8 in/yr) in many areas with sandy glacial 

soils. The southeast and northeast corners of the state were estimated to have from 6 to over 10 

in/yr of potential recharge. 

The two SWB models developed for the glacial aquifer system (Trost and others, 2018; 

Yager and others, 2018) suggest very similar spatial trends, but with more variability in the 

magnitude of the highs and lows. Both estimated potential recharge at the western boundary with 

North Dakota to be less than 1.5 in/yr, and a little higher in the southwest bordering South 

Dakota (up to 2.5 in/yr), with overall amounts increasing generally eastward. Additional detail in 
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both models, and the previous Smith and Westenbroek SWB model of 2015, shows that the sand 

plain areas north of the Minneapolis metropolitan area have some of the highest estimates of 

potential recharge in the state. The Trost and others (2018) model suggests about 6–10 in/yr and 

the Yager and others (2018) model suggests 8–12 in/yr in this area. Both models show a 

relatively low amount of recharge in the north-central part of the state where wetlands are very 

common (up to only about 4 in/yr), and greater amounts north of Lake Superior—about 5 to 8.5 

in/yr in the Trost and others (2018) model and 5 to 9 in/yr in the Yager and others (2018) model. 

Estimates for both of these models suggest potential recharge amounts of 4 to 6 in/yr in the 

southeast corner of the state, which is lower than the Smith and Westenbroek (2015) model.  

Groundwater Recharge Studies Based on Climate Model Simulations 

Determining the direction of change (increasing, decreasing, or stable) of groundwater 

recharge in response to climate change is challenging for seasonal temperate climates like 

Minnesota. Previous regional studies in temperate climates demonstrate that the direction of 

change in recharge can widely differ among projections (Anurag and Ng, 2022). Although 

projections of warming and corresponding increases in evapotranspiration (ET) often point to 

decreased recharge (Atawneh and others, 2021), this recharge reduction from ET can be 

counteracted if precipitation increases sufficiently to overcome increases in ET. In the review 

article by Amanambu and others (2020), that looked at recharge responses around the world, 

almost half the temperate region studies cited showed anticipated increases in recharge because 

of higher precipitation, while the other half suggested decreases in recharge despite increased 

precipitation. This highlights the challenge of determining the direction of groundwater recharge 

in temperate climates like Minnesota.  
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Anurag and Ng (2022) investigated future changes in groundwater recharge in Minnesota 

using statistically downscaled climate data and the Community Land Model at a spatial 

resolution of 25 km. Forcing data from five climate models under two emissions scenarios 

(RCP8.5 and RCP4.5) were used to compare the period 2026–55 relative to the baseline 

historical period of 1976–2005. Despite consistent projections of higher precipitation and some 

local occurrences of increased recharge, Anurag and Ng (2022) indicate that state-average 

recharge will mostly decline or remain about the same due to warming-induced 

evapotranspiration increases. However, several processes buffer recharge decreases. In the drier 

western part of Minnesota, soil moisture limitations constrained ET, thus limiting the reductions 

in recharge. In areas with runoff-prone soils, reductions in net atmospheric inputs (precipitation 

minus ET) primarily partitioned to reduced runoff rather than reduced recharge. Reductions in 

frozen ground coverage and early spring runoff of snowmelt was reapportioned to recharge 

(Anurag and Ng, 2022). 

Soil-Water-Balance Model Code and Future Climate Data Sets  

This project combines recent improvements to the USGS Soil-Water-Balance (SWB) 

model code and calibration methodology with availability of high resolution (4-kilometer [km]) 

climate projection data sets from the most up-to-date global climate model outputs that were 

optimized for Minnesota by the University of Minnesota Climate Adaptation Partnership 

(MCAP). First, since the publication of the previous statewide Minnesota SWB model (Smith 

and Westenbroek, 2015), the SWB model code has been updated and re-released (Westenbroek 

and others, 2018), parameter estimation techniques have advanced (PEST++ software, version 5, 

White and others, 2020), and comprehensive data sets have become available for additional 

water budget components, including actual evapotranspiration (Reitz and others, 2017). These 
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improvements enable parameters in the SWB model to be informed by data from all three major 

water budget components: baseflow (recharge), surface runoff, and evapotranspiration (ET). The 

previous SWB model applications in Minnesota were constrained only with baseflow data. 

Recent regional applications of the SWB model demonstrated the utility of the multi-component 

calibration approach (Nielsen and Westenbroek, 2019, 2023) that was applied in this study. 

Second, the MCAP has produced climate projection optimized for Minnesota at a high spatial 

resolution using the most up-to-date global climate model outputs (Liess and others, 2026). 

MCAP has produced these climate projections to examine possible future climate conditions of 

Minnesota and to enable modeling with a variety of land-surface models to evaluate hydrologic, 

crop, and ecological responses to those climate projections. This “chain-of-model” approach 

allows for future climate simulations to be used to improve understanding of decision-relevant 

variables such as groundwater recharge.  

Report Purpose and Scope 

The primary purpose of this report is to document the construction and calibration of the 

Soil-Water-Balance model (SWB version 2) applied to the State of Minnesota to simulate water 

budget components of net infiltration (potential groundwater recharge), surface runoff, actual 

evapotranspiration, irrigation, and climatic deficit (reference evapotranspiration minus actual 

evapotranspiration) for past and future periods.  

First, the report documents calibration performed for the period 2000–20 and summarizes 

historical simulations driven by daily PRISM (Parameter-elevation Regressions on Independent 

Slopes Model) weather data for the period 1981–2022. Daily PRISM weather data sets are 

gridded interpolations of observed conditions recorded at weather stations. These simulations are 

an update to a previous statewide SWB model (Smith and Westenbroek, 2015). 
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Second, the report documents SWB model runs driven by high-resolution (4-kilometer), 

dynamically downscaled climate models for a past period (1995–2014) and two future periods, 

mid-century (2040–59) and end-of-century (2080–99) under three Shared Socioeconomic 

Pathways (SSP) emissions scenarios: intermediate (SSP245), high (SSP370), and very high 

(SSP585). 

 This report primarily describes the modeling process and includes a brief high-level 

summary of model results to encourage informed use of simulated outputs. The report does not 

aim to completely describe the past and future water budget changes in Minnesota. All SWB 

model output data and a complete model archive are available in the accompanying data release 

(Westenbroek and others, 2026) and downscaled climate data used by SWB are available 

through Liess and others (2026). At the time of publication (2026), this report and data release 

support the public availability of the data through the MCAP’s website and interactive climate 

tool called the Minnesota Climate Mapping and Analysis Tool (CliMAT; 

https://climate.umn.edu/MN-CliMAT). 

Terminology  

A few terms often associated with groundwater recharge are defined below (after Healy 

and Scanlon, 2010): 

‘infiltration’ is water that enters into the root zone of a soil layer, 

‘net infiltration’ is water that leaves the root zone and continues migrating toward the 

water table through the unsaturated zone, which is sometimes referred to as “potential recharge”, 

and  
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‘groundwater recharge’ is water that actually makes it all the way through the unsaturated 

layer of soil and arrives at the water table. 

Recharge estimation techniques like SWB are based on near-surface soil-water 

accounting methods. They generate estimates of net infiltration in contrast to recharge estimation 

methods that rely on direct measurements of groundwater and that can generate estimates of 

actual groundwater recharge (Healy and Scanlon, 2010). The water leaving the root zone in the 

SWB model is assumed to reach the water table to become groundwater recharge. In this report, 

the term “recharge” in the context of any estimate determined using the SWB model refers to the 

‘net infiltration’ estimates from the model. In many parts of Minnesota, the groundwater table is 

close to the bottom of the root zone, hence ‘net infiltration’ likely becomes ‘groundwater 

recharge’ within weeks. In areas of thick unsaturated zones (for example, areas where depth to 

groundwater is greater than 20 feet), there may be a substantial lag between the time that ‘net 

infiltration’ is generated and the time that this water joins the water table to become 

‘groundwater recharge’. Generally, long-term averages (10 or more years) of net infiltration are 

more likely to meet the assumption of net infiltration being equivalent to groundwater recharge 

compared to individual monthly, seasonal, or annual estimates from SWB.  

Terms used to refer to future climate model output often vary. Here we used dynamically 

downscaled climate model simulations at a 4-km horizontal resolution for the state of Minnesota 

using Coupled Model Intercomparison Project Phase 6 (CMIP6) global climate models (GCMs; 

Liess and others, 2026). The methodology is summarized in the “Water Budget Simulations with 

SWB using Data from Climate Models (1995–2014, 2040–59, 2080–99)” section. Dynamically 

downscaled data for past and future periods are referred to with variants of the term ‘climate 
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simulations’ or ‘climate models’. When referring only to dynamically downscaled data for future 

periods variants of the term ‘climate projections’ are used. 

Soil-Water-Balance Model Description  

The Soil-Water-Balance (SWB) model is a process-based model that calculates a soil-

water budget for each grid cell on a daily basis in a collection of grid cells; for the updated 

Minnesota model, this is a collection of regular grid cells with a 1-km spacing. The SWB model 

for Minnesota covers about 164,695 square miles (426,560 square kilometers), with a grid size of 

688 rows by 620 columns (figure 1). The SWB model uses several gridded datasets as inputs. 

The grids are used along with one or more sets of parameter tables to calculate the water budget 

components on a grid cell-by-cell basis. 

Soil-Water-Balance Model Theory  

The following is a brief summary of the SWB model theory; refer to Westenbroek and 

others (2018) for a complete model description. The SWB code uses a modified Thornthwaite-

Mather soil-moisture accounting method (Thornthwaite and Mather, 1955; Thornthwaite and 

Mather, 1957) to calculate water budget components for each grid cell in the model domain. A 

daily accounting of the sources and sinks of water within each grid cell is performed by making 

use of daily weather data and landscape characteristics. Equation 1 describes how the soil 

moisture reservoir accounting is performed each day. 

𝑆𝑆𝑆𝑆𝑡𝑡 = 𝑆𝑆𝑆𝑆𝑡𝑡−1 + 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑛𝑛𝑛𝑛𝑛𝑛 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

− 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 − 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 

 Equation 1 
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Where 

SMt = soil moisture at time t; and 

SMt-1 = soil moisture from the previous day, time t-1.  

Runoff is calculated using the curve number approach (Cronshey and others, 1986). 

Snowfall and snowmelt are calculated based on a temperature index method (Dripps, 2003). 

Actual evapotranspiration is calculated using the Food and Agriculture Organization Irrigation 

and Drainage Paper 56 (FAO56) approach to determining the daily amount of soil moisture that 

is available for use by plants (Allen and others, 1998). Rejected net infiltration is a user-defined 

maximum amount of net infiltration that is generally set based on best professional judgement 

for each hydrologic soil group within the model domain. 

The size of the soil-moisture reservoir described by equation 1 is defined by the soil field 

capacity and the soil permanent wilting point, along with the rooting depth of the vegetation for a 

particular grid cell. The field capacity of a soil is defined as the amount of moisture remaining in 

a soil after it has been saturated and allowed to drain freely. The permanent wilting point of a 

soil is defined as the moisture content at which plants will wilt and fail to recover even when 

later supplied with sufficient moisture (Barker and Pilbeam, 2015). The available water 

capacity—one of the gridded datasets required by SWB—is defined as the difference between a 

soil’s field capacity and its permanent wilting point. Rooting depths are supplied to SWB by 

means of a lookup table for each combination of soil hydrologic group and land use. Net 

infiltration, the flux of water that escapes past the root zone and may become groundwater 

recharge, is assumed to take place when the net amount of water added to the soil moisture 

reservoir exceeds field capacity and is not used to meet evapotranspiration demand. In addition 

to the soil moisture reservoir described by equation 1, SWB tracks the inputs and outputs to a 
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snow reservoir and an interception reservoir; the interception reservoir simulates the storage of 

moisture on the surface of plant leaves and stems. 

All of the inputs and outputs to the soil, snow, and interception reservoirs are calculated 

on a daily basis (figure 3). The values are saved as a set of network Common Data Form 

(netCDF) files, which can then be used to summarize features of the annual or seasonal water 

budget components. 

Figure 3. Approximately here (Soil-Water-Balance model diagram). 

 

Soil-Water-Balance Model Limitations and Assumptions 

The SWB model provides a useful method to calculate spatially varying water budget 

components. The data release accompanying this report supplies daily SWB model output in 

netCDF files (Westenbroek and others, 2026), but longer period averages such as seasonal or 

annual encompassing 10 or more years are more appropriate use cases for model output. The 

daily data are provided so that averages over different time spans of interest can be calculated.  

The 42-year mean annual estimates for each water-budget component provide the strongest basis 

for interpreting results from this SWB application. The mean value for each component for each 

year is less reliable but gives an idea of the range in annual water budget components. Given the 

long timeframe of this model (42 years), mean annual values for water budget components for 

each decade of the model may be reasonable for evaluations of water budget component changes 

through time.  

There are some limitations to the model and assumptions that the user should consider. 

Previous SWB reports have also summarized these limitations (Nielsen and Westenbroek, 2023; 
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Smith and Westenbroek, 2015; Nielsen and Westenbroek; 2019; Trost and others, 2018; 

Westenbroek and others, 2010).  

1. Purpose of SWB Model. SWB calculates net infiltration as infiltration below the root 

zone, but it is not a substitute for detailed site-specific studies like groundwater-flow 

models where the timing and precise magnitude of groundwater recharge are needed to 

answer water-resource management questions. The model does not calculate net 

infiltration over open water bodies. 

2. Input Data Accuracy: SWB requires accurate input data (soil groups, available water 

capacity, land use, and weather) and uncertainty from inaccuracies in these data cannot 

be quantified. The input data have varying spatial resolution and are spatially averaged to 

the resolution of the SWB model.  

3. Lag Time Limitation: SWB does not account for lag time of water movement between 

infiltration below the rooting zone and reaching the water table. Seasonal and annual 

estimates are approximate and best used as ranges. 

4. Water Table Representation: SWB does not track depth to water table or represent 

shallow water tables explicitly. Wetland areas and groundwater-surface water interactions 

may be poorly simulated. 

5. Curve-Number Method Limitations: These methods are best applied at watershed 

scale, and not to individual parcels. Curve numbers may vary by precipitation events, and 

SWB methods only partially account for this variability. 
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Soil-Water-Balance Model Input Data  

Gridded model input data includes daily precipitation, daily minimum and maximum 

temperature, hydrologic soil group, available water capacity of the soil, and land use. An 

optional irrigation mask file is used when irrigation is simulated by the model. Each of these 

datasets are described below. 

The weather inputs required for SWB were obtained from PRISM daily datasets (PRISM 

Climate Group and Oregon State University, 2022). Daily PRISM American Standard Code for 

Information Interchange (ASCII) grid files at a 4-km cell size were reprocessed to 1,000 meters 

(m) for the model period and combined into a netCDF file for use in the SWB model. The annual 

average precipitation for the Minnesota study area, which ranges from less than 20 inches per 

year (in/yr) in the northwest part of the study area to greater than 40 in/yr in the far northeast and 

far southeast parts of the study area, is illustrated in figure 2. 

Figure 4. Approximately here (gridded input data for the Minnesota Soil-Water-Balance model). 

Land use data were sourced from the USDA National Agricultural Statistics Service 

Cropland Data Layer (CDL) (U.S. Department of Agriculture National Agricultural Statistics 

Service, 2023). The CDL data are derived from remote-sensing data and regression estimates 

using National Agricultural Statistics Service (NASS) survey data (U.S. Department of 

Agriculture National Agricultural Statistics Service, 2025). After assessing changes in the 

methodology used to interpret the satellite data, and the shift from the satellite LANDSAT8 to 

LANDSAT9 (U.S. Department of Agriculture National Agricultural Statistics Service, 2025), we 

determined that the classifications were stable for most of the study area for the past five years 

(2019-2023). A majority filter was used to determine the land use that was most stable in each 

pixel over time (from 2019-2023) to develop a steady-state land-use layer for the Minnesota 
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SWB model. The data were resampled from the native 30-m resolution to the 1,000-m 

resolution, extent, and projection for the study area. 

The Minnesota SWB model area is heavily dominated by cropland, especially in the 

southern half and in the west. Wetlands and forested areas dominate the northern and 

northeastern part of the study area. In the study area, 23 crop types and 15 other land uses are 

represented (38 land use categories in total). Seventeen of these categories cover less than 0.01 

percent of the “steady-state” land-use layer (see table 1). Overall, 40.3 percent of the land is in 

crops, 24.8 percent is wetlands and open water, 3.9 percent is urban, 24.5 percent is forest and 

shrubland, and 6.3 percent is grassland or pasture.  

To simulate irrigation applied to agricultural lands, the SWB model requires an irrigation 

mask raster that classifies model cells as either irrigated or not irrigated. For this study, a mask of 

irrigated lands was created using the Landsat-based irrigation dataset (LANID) (Xie and Lark, 

2021a; Xie and Lark, 2021b; Martin and others, 2023), a Landsat-based irrigation classification 

(irrigated versus not irrigated) for the conterminous United States for the years 1997 to 2020. 

The native 30-m grid was resampled to the SWB model’s 1,000-m grid by determining the 

percentage of 30-m LANID cells in each 1,000-m SWB cell that were irrigated. After a trial-and-

error analysis, the irrigation status in the 1,000-m SWB cells was set to “irrigated” if greater than 

40 percent of the 30-m LANID cells were irrigated. This threshold was set to capture most 

irrigation in the study area. A single static irrigation extent mask was used for the entire 

simulation period of 1981–2022.  
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Table 1. Approximately here (percentage area of land uses in model domain in Minnesota Soil-
Water-Balance model.) 

 

The hydrologic soil groups (HSGs) and the available water capacity (AWC) input grids 

are derived from the U.S. Department of Agriculture (USDA) Natural Resources Conservation 

Service gridded national soil survey geographic database (“gNATSGO”, Soil Survey Staff, 

2023). The gNATSGO data for the top 150 centimeters (cm) were used in this study because 

many of the crops and land uses have rooting zones that extend to at least 150 cm. The HSGs 

(USDA, 2007) used in the study include the four basic HSGs (A, B, C, and D) and the dual 

HSGs (A/D, B/D, and C/D; table 2; figure 4C). The available water capacity data for the top 

150 cm are expressed in units of inches per foot (in/ft) of soil thickness. The HSG and AWC data 

are gridded representations of mapped soil unit polygons, and the values assigned by lookup 

tables relate the soil unit properties to the soil unit polygon distribution. The native datasets are 

rasterized at a 10-m resolution, which was resampled to 1,000 m for this study. The AWC grid 

was converted to inches per foot (in/ft) of soil thickness, the format used by the SWB model, and 

were rounded to two decimal places (0.01 in/ft).  

 

Table 2. Approximately here (percentage area of hydrologic soil groups in model domain in 
Minnesota Soil-Water-Balance model.) 
 

Table 3. Approximately here (percentage of Minnesota Soil-Water-Balance model covered by each 
combination of land-use class and hydrologic soil group.)  
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Soil-Water-Balance Tabular Model Inputs  

Example lookup tables used by the Soil-Water-Balance model are provided in previous 

reports (for example, Nielsen and Westenbroek, 2023) and complete lookup tables for this study 

are provided in the model archive (Westenbroek and others, 2026). Land use lookup tables 

contain runoff curve numbers, maximum recharge rates, interception rates, and rooting zone 

depths for each combination of land use and hydrologic soil group. The frequency of the most 

common land use types and hydrologic soil groups in the Minnesota SWB model are shown in 

table 3. Irrigation lookup tables contain plant growth settings, bare soil evapotranspiration, and 

irrigation settings that are used by the Soil-Water-Balance model to estimate irrigation.  

 

Water Budget Simulations with SWB using observed PRISM Weather Data: 

1981–2022 

Soil-Water-Balance Model Calibration 

We used parameter estimation to calibrate lookup table values for the Minnesota SWB 

model following methods outlined in previous studies in which SWB was used to estimate 

potential groundwater recharge (Nielsen and Westenbroek, 2019; Nielsen and Westenbroek, 

2023). The calibration was done using parameter estimation (Parameter ESTimation [PEST] 

software; Doherty, 2004; Doherty and Hunt, 2010), specifically the PEST++ software (White 

and others, 2020) with the Iterative Ensemble Smoother (IES). Parameters were primarily based 

on the lookup table variables for the most-abundant combinations of land use/crops and HSGs in 

the model domain. Choosing appropriate observation data to use in the PEST–IES calibration 
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workflow is crucial in ensuring that the model is calibrated to endpoints that matter to 

stakeholders and others. To reduce the predictive uncertainty of the model, a diverse set of 

calibration targets was used as described in Schilling and others (2019), representing the primary 

model outputs of interest: runoff, net infiltration, and actual ET. The spatial and temporal scale 

of observation datasets was matched as close as possible to the SWB model discretization.  

The calibration was conducted using annual and seasonal values of each water budget 

component for each year from 2000–22. Seasons were defined as winter (December, January, 

February), spring (March, April, May), summer (June, July, August), and fall (September, 

October, November). The SWB model output for each of the water budget components (surface 

runoff, net infiltration, and actual ET) was compared to data representing observations of the 

same components, and the lookup table values were adjusted using PEST++ until the best 

possible match between modeled and observed data was achieved. The ‘best possible match’ is 

found with PEST++ by minimizing a single objective function. The objective function is the sum 

of the squared differences between SWB outputs and corresponding observations, with each of 

these differences modified by a weighting factor. The weighting factors are used during the 

calibration to ensure that the differences between the groups of observation types (surface runoff, 

net infiltration, and actual ET) are all adequately represented within the final objective function. 

We modified the weights as needed during calibration to maintain a balance in the overall 

representation of the various observation group types. 

Observations  

We used the three primary water-budget output terms of the SWB model (net infiltration, 

surface runoff, and actual ET) together and compared them to observed values from watersheds 

across the model area. Three of the observed values for each watershed were derived from USGS 
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or Minnesota Department of Natural Resources (DNR) streamgages in the study area (U.S. 

Geological Survey, 2020; Minnesota Department of Natural Resources, 2023b): runoff, baseflow 

(an indirect estimate of recharge), and total flow. The observed values for actual ET for each 

watershed were derived from ET data from a conterminous United States-wide model based on 

remote sensing data (Reitz and others, 2017). The SWB model does not directly simulate 

recharge. The net infiltration calculated by SWB is assumed to represent water that could 

become recharge; and, for the purposes of calibration, the net infiltration was treated as potential 

recharge. 

We evaluated over 100 streamgaging locations in the model study area (including sites in 

North and South Dakota, Minnesota, Iowa, and Wisconsin) for their appropriateness to use for 

developing observed values for the calibration. Most of the gaging locations are USGS sites, but 

we also evaluated (and used) several locations monitored by the Minnesota Department of 

Natural Resources. The criteria used to select sites included the following:  

1. Sites should be free from upstream regulation, particularly during base flow periods. 

2. Contributing drainage areas should be less than 500 square miles (mi2). 

3. To the extent possible, watersheds should contain minimal surface-water storage such 

as large water bodies and wetlands.  

4. Sites should have perennial flow. 

5. Sites must have five or more years of continuous data during the period from 2000 to 

2022. 

Using these criteria, we selected 61 USGS streamgaging stations and 10 Minnesota DNR 

streamgaging stations that best fit these criteria, and mapped their contributing watersheds. In 

central Minnesota the available stations were particularly limited and all stations did not fully 
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meet every criterion. The stations and watersheds used are shown in figure 1 and listed in Table 

4. 

Table 4. Approximately here (characteristics of watersheds used for calibrating the Minnesota Soil-
Water-Balance model.) 

 

Runoff and Recharge 

The observations of surface runoff and potential recharge for the streamflow site 

watersheds were estimated using base-flow separation techniques on the streamflow data at each 

gaging station. Applying base-flow separation techniques to daily surface water streamflow 

records (Healy and Scanlon, 2010) is a commonly used method to divide the hydrograph into 

direct surface runoff and base flow. Base flow is assumed to represent long-term discharge from 

groundwater, which should approximate groundwater recharge if ET from the water table is 

negligible, drainage to underlying aquifers is minimal, and the groundwater and surface-water 

watersheds are coincident (Healy and Scanlon, 2010). These conditions are assumed to hold for 

the majority of sites and watersheds selected for use in this study. 

Similar to previous studies (Nielsen and Westenbroek, 2019; Nielsen and Westenbroek, 

2023), base-flow separation analysis was conducted using the USGS Hydrologic Toolbox 

computer program (Barlow and others, 2022). Six different base-flow separation techniques were 

run using the USGS Hydrologic Toolbox (each of these is described in Barlow and others, 2022): 

Base-Flow Index-Standard; Base-Flow Index-Modified; HYSEP-Fixed Interval; HYSEP-Local 

Minimum; HYSEP-Sliding Interval; and PART. An ensemble approach was used to derive an 

overall estimate of the base flow and direct runoff for each gaging station, using the median of 

all six methods. The base-flow analysis was aggregated to seasonal and annual summaries of 
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direct runoff and base flow for each gaging station/watershed for the period 2000 to 2022. Some 

gaging stations had data, and therefore observation estimates, for the entire period. Others had 

fewer data and the observation datasets represent the years and seasons of complete continuous 

data for those sites. Table 4 includes the number of years of data used for the model period. The 

parameter estimation used 703 annual and 3,197 seasonal runoff observations, and 703 annual 

and 3,095 seasonal base-flow observations (table 5). 

Table 5. Approximately here (number of calibration observations).  
 

We also included an observation for each watershed for the “total surface-water flow”, 

which is the sum of the base flow and runoff components. Because some of the base-flow 

separation techniques report very different fractions of the flow into runoff versus base flow for 

some of the watersheds, this was added as a potentially more robust observation than the separate 

divisions into base flow and runoff. Even so, there is still some potential for the volume of flow 

passing the streamflow gage to not be representative of the water budget in that particular 

watershed, as runoff can get routed into noncontributing areas and groundwater that enters as 

recharge can be diverted to a different watershed as it moves underground and can re-enter the 

surface-water network in a stream adjacent to the gaged stream. If groundwater crosses 

watershed boundaries, it would cause a bias in the base flow of both watersheds: base flow 

higher than expected in the receiving watershed and base flow lower than expected in the losing 

watershed. 

Evapotranspiration 

Actual ET observations were developed for the same watersheds used for the surface 

runoff and base flow observations in the model domain. We used monthly actual ET values from 
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a national ensemble model developed in 2023, with a spatial resolution of 800-m (Reitz and 

others, 2023), which were aggregated to annual and seasonal values. The actual ET observed 

values used in the calibration represented the spatial average for each watershed, averaged over 

each specific annual and seasonal time period from 2000 to 2018, the last available year of this 

dataset. Actual ET observations including 1,349 annual and 5,183 seasonal values were used in 

the parameter estimation process (table 5).  

The observations of actual ET, runoff, recharge (base flow), and total surface-water flow 

were divided into groups based on the timeframe (annual or seasonal), the variable, and whether 

the watershed was located in the northern, central, or southern part of the model area. 

 

Observation Weighting  

Weighting of the observations is needed for calibration because not all calibration targets 

are equally important or useful. Some calibration targets have more uncertainty than others, and 

some are more important than others for the model to simulate correctly. The weighting of the 

observations is an iterative process that first takes into account the precision or level of 

confidence in the observed value (see Hill and Tiedeman, 2007). After an initial parameter 

estimation process is run, weights were adjusted during the calibration process so that each of the 

observation groups contributed appropriate amounts to the overall model error between the 

weighted simulated versus observed values. During additional parameter estimation runs, some 

observations were zero-weighted if, for example, the watershed was suspected to have issues 

with groundwater underflow affecting the base flow observation or was found to have a non-

contributing area that impacted the runoff values. During the parameter estimation process, 
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further adjustments to the weights were made to focus the fine-tuning of parameter values to best 

represent the overall runoff and base-flow values, which were more difficult to match than the 

actual ET values. The final weighting of the observations was determined by a combination of 

measurement error analysis, the range in observed values, contributions of each parameter group 

to the overall objective function, and modeler best judgement (Anderson and others, 2015). The 

final weights applied to the observations are given in the companion data release (Westenbroek 

and others, 2026).  

Model Parameters  

SWB has dozens of parameter values that can affect the projected water budget 

component values. A complete listing and description of all SWB version 2.0 parameter names 

may be found in Westenbroek and others (2018; their Appendix 3). Table 6 summarizes the 

parameters groups that we felt were most important to include in the parameter estimation effort 

for this project. 

Table 6. Approximately here (Soil-Water-Balance parameter groups used in parameter estimation of 
the model.) 

 

There is not enough information contained in the observation data to satisfactorily 

constrain all the SWB parameters in the parameter estimation process. Conceptually, however, 

we have an idea about how parameters might vary according to the soil hydrologic groupings for 

each cell. For example, the runoff curve number method envisions runoff to be lowest for soils of 

soil hydrologic group A, with a consistent increase in parameter values for hydrologic soil 

groups B, C, and D.  
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For this reason, we constrained the relationships between parameter values as a function 

of the soil hydrologic groups for a number of parameters; runoff curve number, maximum net 

infiltration rate, and rooting depths were allowed to vary in the model calibration process for soil 

hydrologic group A alone. Parameter values for the B, C, and D soils were calculated from the 

value specified for hydrologic soil group A. The scheme by which the curve numbers are related 

to the curve number values for soil hydrologic group A by means of the “curve number aligner 

equations” is shown in table 7 (Hawkins and others, 2009).  

The maximum net infiltration rate parameter in SWB is a simple cutoff designed to limit 

the calculated amount of net infiltration to values judged to be “reasonable” by the modeler. The 

values for this project were set approximately as shown in table 7. In the parameter calibration 

process the multipliers between the maximum net infiltration rates were allowed to vary, but a 

structure was enforced on the parameters such that the maximum net infiltration rate decreased 

from soil group A (sand) to group D (clay). 

Table 7. Approximately here (multipliers for parameter estimation.)  
 

Similarly, the rooting depths for particular land uses (often corresponding to specific 

plant types) were set generally so that the greatest rooting depths were associated with the B 

soils. This conceptualization comes from Thornthwaite and Mather (1957), the idea being that 

plants generally have to work harder (and develop longer root systems) in soils of low available 

water capacity. Maximum rooting depths are specified for soil textures of “fine sand” and “fine 

loamy sand”, with lesser rooting depths specified for soils with textures of “clay loam and clay”. 

Table 7 gives the general coefficients specified for rooting depths. These coefficients were 

allowed to vary somewhat in the PEST++ sensitivity analysis and parameter estimation. The 
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values in table 7 thus represent starting values and reflect our conceptualization about how these 

parameters should vary between the various hydrologic soil groups. 

Model Fit to Observations  

The best-fit model calibration obtained with the four sets of observation data yielded a 

model with an overall coefficient of determination (r2) of 0.973 with a standard error of 0.002 

in/yr for all observations. Evaluating only the error contributed by weighted observations of 

runoff and base flow used in the final calibration runs (not including the actual ET and total 

surface-water observations), the model has an overall r2 of 0.790 and a standard error of 0.008. 

The r2 for just the actual ET observations was 0.99; for the total surface water, 0.88; for the 

runoff, 0.81, and r2 for the base flow observations was 0.79. The model fit is shown in figure 5 

for all four observation types, where the observed values are plotted against the simulated values 

and where they plot relative to a 1:1 line. Figure 5 shows the weighted observations of runoff and 

base flow, and all the observations of actual ET and total surface-water flow. The residual 

distributions also are plotted in figure 5 and indicate that there is some skew in the runoff and 

base-flow residuals: the model overpredicts net infiltration more when values are small, and the 

model underpredicts runoff particularly when values are large.  

Figure 5. Approximately here (simulated versus observed values). 

 

The spatial distribution of the residuals of each observation type for the watersheds used 

in the calibration is shown in figure 6. The residuals for all the observation types are fairly well 

distributed around the overall model area, showing that there is not a significant geographic bias 

in model performance. Some of the notable residual values seen in the actual ET maps, such as 
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the Rum River watershed in the middle of the state (number 67 on figure 1), are high because of 

large surface-water bodies (lakes) in the watershed. The SWB model was not set up to estimate 

ET over lakes (open water cells), so the total simulated amount for that watershed is much lower 

than what actually occurred, as reported in the observed data.  

Figure 6. Approximately here (spatial distribution of residuals for watershed-based observations). 

 

To illustrate the general performance of the SWB model over time and its ability to 

reproduce annual variability in the water budget terms, we have plotted the observed actual ET, 

runoff, and base flow next to the simulated values of actual ET, runoff, and net infiltration 

(figure 7) in a representative sample of watersheds over the model area (the watersheds shown in 

figure 7 include numbers 10, 13, 19, 21, 46, and 56 from figure 1), from 2005–15. There is some 

variability and a small amount of disagreement between the observed and simulated values in 

each year, but the plots indicate that overall the SWB model reproduces the relative amounts of 

each water budget term over time. 

Figure 7. Approximately here (annual comparisons of observed and simulated net infiltration). 

 

Uncertainty Analysis  

All models have inherent uncertainty in their results that arises from a combination of the 

uncertainty in our knowledge of the system being modeled and simplifications that are necessary 

to construct a tractable modeling question. Although many sources of uncertainty cannot be 

quantified in a formal uncertainty analysis, it is important to contextualize any modeling results 

in such a way as to indicate some measure of reasonableness or uncertainty in the results (or 
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forecasts) (Anderson and others, 2015). A Monte Carlo approach can be used to analyze the 

uncertainty in our modeling arising from an imperfect knowledge of the parameter values that 

represent components of the model (particularly the values in the lookup tables). This was done 

by creating an ensemble of 350 sets of alternate combinations of parameter values and evaluating 

how the model outputs varied in response to the alternate parameter sets. The variability in the 

mean annual net infiltration, actual ET, and runoff was analyzed across the model area. 

Evaluating the uncertainty inherent in the underlying input datasets, such as the PRISM weather 

data and land use and soil characteristics from external sources, was beyond the possible scope 

of this analysis. 

The Monte Carlo analysis used a range of plus or minus 20 percent of the calibrated 

model parameter values to create the ensemble of 350 sets of parameter values. From each of the 

resulting 350 ensemble members, the mean annual net infiltration, actual ET, and surface runoff 

were calculated for each model cell. From this population of 350 potential model results, we 

calculated a standard deviation grid, which shows the geographic variability of the uncertainty 

resulting from the range in possible parameter values. Assuming that the variability has a normal 

distribution, the 95-percent confidence range around the calibrated model outputs would be plus 

or minus 1.96 times the standard deviation grid. Figure 8 shows the uncertainty, or 95-percent 

confidence intervals for the net infiltration, surface runoff, and actual ET model outputs. For the 

net infiltration variable, the western and north-central parts of the model have an uncertainty of 

plus or minus 2 inches or less. Around Lake Superior and other areas on the eastern side of the 

model, the uncertainty is greater, between plus or minus 2 and plus or minus 5 inches (figure 

8A). The uncertainty results for the surface runoff variable are very similar (figure 8B). The 
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uncertainty in the actual ET shows little variation across the model area, and is generally 

between plus or minus 1 and plus or minus 2 inches overall (figure 8C).  

Figure 8. Approximately here (maps of model uncertainty),. 

 

Soil-Water-Balance Model Simulations 

In this section, a discussion of the spatially averaged mean annual water budget 

components for the entire period of 1981–2022 is presented, followed by a comparison between 

a previous statewide SWB model from Smith and Westenbroek (2015) and the SWB model 

documented in this report.  

Simulated Water Budget Component Summaries  

Water budget components varied across the study area as shown in figure 9 and 

summarized in table 8. Precipitation increased from west-northwest to east-southeast across the 

study area (figure 2) and net infiltration and surface runoff generally followed this west-to-east 

increasing pattern (figure 9D). Soil properties and land cover types introduced variability into the 

regional patterns of net infiltration and surface runoff (figure 9). The lowest rates of net 

infiltration occurred in the western portion of the study area, where a combination of low 

precipitation and soils with low infiltration capacity (hydrologic group C or D) occurred. The 

highest rates of net infiltration occurred in central and southeastern Minnesota and western 

Wisconsin. These areas have higher precipitation and soils with high infiltration capacity 

(hydrologic soil groups A and B). Actual ET generally increased from north to south (figure 9B) 

and the highest rates of actual ET correspond to irrigated areas where SWB estimated water 

inputs to meet crop demands. High rates of actual ET were also simulated in wetland areas of 
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northern Minnesota (figure 9B). In Minnesota, on average, actual ET was about 76 percent, 

surface runoff was about 11 percent, and net infiltration was about 14 percent of precipitation 

(based on the spatial averages in table 8). Across the entire study area, on average, actual ET was 

about 74 percent, surface runoff was about 11 percent, and net infiltration was about 16 percent 

of precipitation.  

Table 8. Approximately here (mean annual values of water budget components for 1981–2022 for 
Minnesota and the entire study area.) 
 

 

Figure 9. Approximately here (maps of gridded Soil-Water-Balance model outputs). 

 

 

 

Comparison of Mean Annual Net Infiltration (Groundwater Recharge) to Previous Statewide SWB 

Model 

The distribution of mean annual net infiltration across Minnesota simulated by the SWB 

model described in this report differs from the previous statewide SWB model in Smith and 

Westenbroek (2015) for the period 1996–2010 (figure 10). Where the two models overlapped, 

net infiltration in the new SWB model was about 1 inch lower than the previous SWB model, 3.9 

in/yr compared to 4.9 in/yr, respectively. Spatially, net infiltration in the new model was lower 

across widespread areas of the state, with some of the most pronounced differences in northern 

Minnesota (figure 10). Net infiltration in the new model was higher than the previous model in 
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parts of central and southeastern Minnesota. Zonal statistics (geospatial analysis) by hydrologic 

soil group indicate that the new SWB model simulated net infiltration values about 0.5 to 1.0 

in/yr higher on average than the previous model on soils with a high infiltration capacity 

(hydrologic soil groups A and B). Conversely, the new SWB model simulated net infiltration 

values between 0.8 and 2.0 in/yr lower on average than the previous model for hydrologic soil 

groups C, D, A/D, B/D, and C/D. Irrigated areas of the state had large increases in simulated net 

infiltration relative to the previous model (figure 10, figure 4D). The new version of SWB 

simulated the addition of water to meet crop evaporative demand whereas the previous model did 

not, hence the large increase in net infiltration in irrigated areas. Overall, the distribution of net 

infiltration in the new SWB model is more right-skewed compared to the previous model (figure 

10B). The new SWB model has a higher number of model cells with less than 2 inches of net 

infiltration or more than 9 inches of net infiltration compared to the previous model (figure 10).  

Differences in weather drivers, input data sets, and calibration procedures likely 

contributed to the differences in simulated output (table 9). The previous version of the SWB 

model was driven by DAYMET weather data and the SWB model in this report was driven by 

PRISM weather data. Net infiltration simulated with SWB is highly sensitive to the weather data 

inputs; small variations in precipitation and daily minimum and maximum temperatures result in 

large changes in simulated net infiltration values (Smith and Westenbroek, 2015). The land cover 

grids and soil grids are different between models. The new model has 38 land cover classes held 

constant through time compared to 15 land cover classes that varied through time in the previous 

model. The calibration approach was substantially different between the two models, as 

summarized in table 9. In the new model, parameters were informed by observational data from 

all three major water budget components: net infiltration (baseflow), surface runoff, and actual 
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evapotranspiration compared to only using baseflow observations in the previous model. Stricter 

criteria for appropriate application of baseflow separation methods were used to select 

calibration watersheds for the new model compared to the previous model. In the previous 

model, only length of streamflow record and distribution of land cover within the calibration 

watersheds were used to select calibration watersheds (Smith and Westenbroek, 2015). In the 

new model, watershed size, absence of flow regulation structures, and abundance of surface-

water storage features were also considered in the calibration watershed selection process.  

 

 Table 9. Approximately here (comparison of data sources and outputs between Minnesota SWB 
models).  

 

 

Figure 10. Approximately here (comparison between the Minnesota Soil-Water-Balance model from Smith 
and Westenbroek (2015) and the SWB model from this report for 1996–2010. 

 

SWB Model Driven by Historical Observed Data: Output Uses and Limitations 

Refer to the “Soil-Water-Balance Model Limitations and Assumptions” section for a 

general discussion of the potential use and interpretation limitations of the SWB model output. 

SWB model runs results driven by historic, observed weather data have the benefit that there are 

observations of soil moisture, actual evapotranspiration, and streamflow to constrain model 

outputs and provide some confidence that the modeled water budget components are 

representative of real-world conditions. These results may be used to describe water budget 
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components and may be used as boundary conditions for local and regional groundwater-flow 

models. 

The grids of mean annual water budget components for Minnesota are intended to be 

first-cut estimates for geographic areas no smaller than the smallest watersheds used in the 

calibration of the model—or about 20 square miles. It is recommended that the grids be used to 

calculate an area-wide average net infiltration, surface runoff, or actual ET for any given area of 

study (as compared to point-specific potential recharge). An estimate of uncertainty around the 

mean can also be calculated using the confidence interval grids.  

The data release accompanying this publication includes the daily netCDF output files 

from the SWB model (Westenbroek and others, 2026). For any given area, the user is cautioned 

to only aggregate the daily values to no shorter than monthly periods, as there are time lags in the 

natural processes for many of the water balance terms that the SWB model does not reproduce.  

Water Budget Simulations with SWB using Data from Climate Models 

(1995–2014, 2040–59, 2080–99)  

This section describes the climate modeling process and the SWB model outputs 

generated from climate models for the historic period 1995–2014 and two future periods: 2040–

59, and 2080–99. This report highlights a few outputs and does not fully describe projected water 

budget component changes in Minnesota. The complete set of outputs may be found in the data 

release associated with this report (Westenbroek and others, 2026) Future water-budget outputs 

from SWB are also available through the University of Minnesota’s interactive web interface, the 

Minnesota Climate Mapping and Analysis Tool (CliMAT; https://climate.umn.edu/MN-

CliMAT). 
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Description of Climate Modeling Process  

This section summarizes the selection of GCM models, the dynamic downscaling process 

to generate daily climate model data sets, and the processing steps used to prepare modelled 

climate data sets for use with the SWB model. Figure 11 illustrates the steps in the chain-of-

modeling approach for dynamically downscaling GCMs to generate daily weather data sets 

required by the SWB model. The dynamic downscaling steps are described in more detail in 

Liess and others (2026). A total of 42 sets of dynamically downscaled daily weather data 

(precipitation, maximum temperature, and minimum temperature) for use with SWB were 

derived from the complete set of downscaled data available through Liess and others (2026) 

(table 10). Six of these daily data sets (one for each GCM) were for a historical period, 1995–

2014 and were the basis for comparison to simulations of future periods. Thirty-six of these daily 

data sets were for future simulations and were generated for every combination of the six GCMs 

for two periods (mid-century, 2040–59 and late century, 2080–99) and three Shared 

Socioeconomic Pathways (SSP) emissions scenarios (SSP245, SSP370, and SSP585). All the 

dynamically downscaled daily data compatible with the SWB model are available through Liess 

and others (2026).  

Figure 11. Approximately here (diagram of the modeling steps for utilizing global climate models with the 
Soil-Water-Balance model.)  

 

The GCMs used in this study are part of the Coupled Model Intercomparison Project 

Phase 6 (CMIP6). The CMIP6 model experiments define a consistent set of greenhouse gas 

concentrations, biomass burning emissions, stratospheric aerosols, and other key drivers for the 

period 1850 to 2014 (Eyring and others, 2016). Each of the underlying CMIP6 models was run 
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by their creators for this period using this consistent set of ‘historic’ drivers. Thus, a CMIP6 

model for the ‘historic’ period is a GCM that was started up in 1850 and run with a consistent set 

of forcings defined as per the CMIP6 experiment through the end of 2014. After 2014, the 

CMIP6 input forcings reflect the assumptions embedded in each of the specific shared 

socioeconomic pathways emissions scenarios. 

 

Table 10. Approximately here (summary of daily climate datasets used with the Soil-Water-Balance 
model). 

 

Dynamic Downscaling of Global Climate Models and Preparation for SWB  

Six GCMs that are suggested to perform reasonably well over the Midwestern USA 

during the historical period were selected for this study (Srivastava and others, 2020). The six 

CMIP6 models that were downscaled over Minnesota include the following: Beijing Climate 

Center Climate System Model version 2 Medium Resolution (BCC-CSM2-MR, Wu and others, 

2019), Community Earth System Model version 2 (CESM2, Danabasoglu and others, 2020), 

Centro Euro-Mediterraneo sui Cambiamenti Climatici Earth System Model version 2 (CMCC-

ESM2, Lovato and others, 2022), Centre National de Recherches Météorologiques Earth System 

Model version 2.1 (CNRM-ESM2-1, Séférian and others, 2019), Institut Pierre-Simon Laplace 

Climate Model version 6A Low Resolution (IPSL-CM6A-LR, Boucher and others, 2020), and 

Model for Interdisciplinary Research on Climate Earth System version 2 for Long-term 

simulations (MIROC-ES2L, Hajima and others, 2020). All of these GCMs include the Great 

Lakes as water bodies, but with varying details, so that all GCMs apart from BCC-CSM2-MR 
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show the expected increase in evaporation over the lakes compared to the adjacent land 

(Minallah and Steiner, 2021). 

 For the downscaling process, ensemble climate simulations were performed over 

Minnesota using the regional Weather Research and Forecasting (WRF) model version 4.3 

(Skamarock and others, 2021) at a 4-km horizontal resolution coupled to the Noah Land Surface 

Model (LSM) with multiparameterization (MP; Niu and others, 2011; Yang and others, 2011) 

that incorporates a simple urban canopy model (Chen and others, 2011), and a 1-dimensional 

lake model with ten vertical levels (Xiao and others, 2016). The lake model accounts for thermal 

diffusion in the vertical dimension that includes the calculation of diffuse solar radiation. 

However, no water mass is transported between grid points, in other words, no horizontal or 

vertical currents are calculated. Therefore, additional background mixing is added to represent 

adequate fetch. Fetch is the maximum length of open water over which wind can travel, and the 

wind’s ability to form waves in the body of water. For lakes deeper than 50-m, eddy diffusivity 

is additionally increased when the lake surface temperature is equal to or less than 4°C but 

greater than the freezing point. Figure 12 shows the two model nests used in this study. This 

model setup represents a large portion of Lake Superior and more than 60 smaller lakes. Due to 

computational constraints, the boundaries of the inner 4-km domain are close to the area of 

interest and some influence from the outer 20-km domain results cannot be ruled out, especially 

in the outer parts of Minnesota. The 4-km horizontal resolution projections over Minnesota do 

not use a convection scheme and calculate individual cloud characteristics whereas the outer nest 

over the contiguous U.S. and southern Canada uses the Kain-Fritsch convection scheme (Kain, 

2004). Every six model hours the outer nest is fed with information from the GCMs.  

 

Figure 12. Approximately here (map showing extents of climate projections) 
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For the regional climate projections, model integrations were first performed over the 

historical period of 1995–2014 to assess any systematic model uncertainties and provide a 

historic baseline dataset. Then three SSP scenarios were selected (O’Neill and others, 2017; 

Riahi and others, 2017): an intermediate emission scenario (SSP245; a “Middle of the Road” 

scenario that assumes a net radiative forcing of 4.5 watts per square meter [W m-2] by the end of 

the 21st century), a high emission scenario (SSP370; a “Regional Rivalry” scenario that assumes 

a net radiative forcing of 7.0 W m-2 by the end of the 21st century), and a very high emission 

scenario (SSP585; a “Fossil-fueled development” scenario that assumes a net radiative forcing of 

8.5 W m-2 by the end of the 21st century) for our future projections. The SSPs reflect 

assumptions about how industrialization, fossil fuel dependence, land use, and population density 

evolve in the future. The assumptions are based on population growth, urbanization, economic 

growth, technological advances, greenhouse gas and aerosol emissions, energy supply and 

demand, land-use changes, and more. Liess and others (2026) computed downscaled versions of 

the comprehensive CMIP6 climate projections for the 20-year periods 2040–59, 2060–79, and 

2080–99. These are representative of the climate during the mid-, late-, and end-of-century 

periods, but only mid- and end-of-century periods were used with SWB for this study. 

Historical model results for 2-m air temperature and precipitation were compared to 

multi-year monthly mean climatologies for 1991–2020 as reported by the Parameter-elevation 

Regressions on Independent Slopes Model (PRISM) group (Daly and others, 2017). A simple 

linear-scaling bias adjustment (Teutschbein and Seibert, 2012) was then applied to these three 

variables as described in equations 1-4 in Shrestha and others (2017). The term bias adjustment 

is used here instead of the more common term bias correction to indicate that adjustments, 

although meant to correct the general characteristics of a simulation, can have unintended 
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individual outliers. The observations were compared to the historical WRF simulations forced 

with each of the six GCMs for each monthly average (for example, for each simulation the 

average temperature difference over every January from 1995–2014 was calculated to receive 

one offset value for January at each grid point). The same map of bias adjustments was then 

applied to the WRF simulations for each GCM downscaled for all three future scenarios.  

Linear scaling keeps the originally simulated interannual variability but forces the multi-

year monthly average for each GCM-forced WRF simulation to equal the PRISM climatology in 

the historical simulations. Precipitation was linearly scaled by dividing historical monthly 

climate model averages for 1995–2014 by monthly observed PRISM values. Similar to previous 

work on hydrologic extremes (Salathé and others, 2014), it is assumed that this scaling remains 

constant for the future climate simulations.  

Because SWB operates on a daily time step, the input weather data must also be supplied 

at a daily time step. The weather data files available through Liess and others (2026) provide 

daily data with the time encoded in minutes. The precipitation data are specified as millimeters 

per 3-hour period. In addition, there are several variables and dimensions in the original 

downscaled data files that are not necessary for SWB. To make the downscaled climate data files 

useable in SWB, the time variable was re-encoded (as "days since 2040-01-01" for a simulation 

beginning in 2040, as an example) and unnecessary variables were removed (Python example 

available in Westenbroek and others, 2026). The precipitation and temperature variables retained 

in the files prepared for use with SWB are the bias-corrected versions: precipitation 

(‘PREC_biasadju’), maximum air temperature (‘T2max_biasadju’), and minimum air 

temperature (‘T2min_biasadju’). 
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Summary of Precipitation and Temperature Output from Climate Models 

A closer look at the model response (Lehner and others, 2020) reveals that the 

downscaling approach results in a relatively small spread for 2-m temperature grids. All six 

downscaled GCMs show an increase in multi-year mean 2-m temperature over time (figure 13 

columns B and C). The trend in increasing average daily maximum temperature over the 21st 

century ranges from a moderate 5°F for CESM2 and CNRM-ESM2-1 to a strong trend of 8°F for 

CMCC-ESM2. The timing of the increase ranges from a stronger increase in the latter half of the 

century in CMCC-ESM2 to a stronger increase in the earlier half of the century in BCC-CSM2-

MR (figure 13). In general, minimum temperatures are increasing more than maximum 

temperatures. However, the model spread remains remarkably similar with the trend of average 

daily minimum temperature over the 21st century ranging from a moderate 6°F for CESM2 and 

CNRM-ESM2-1 to a strong trend of 8.5°F for CMCC-ESM2 (figure 13 columns B and C). 

The increase in greenhouse gas concentration in the atmosphere traps heat in the form of 

longwave radiation. This has a direct effect on Earth’s surface temperature. The response of 

precipitation to this increased temperature is more complex: although higher temperatures 

usually result in less condensation and therefore less precipitation if the moisture in the 

atmosphere remains constant, the increased amount of moisture from increased evaporation 

counteracts and, in most of the climate models, more than compensates for the reduced 

condensation. Therefore, the multi-model ensemble mean produces a slight increase in annual 

precipitation in two scenarios, SSP370 and SSP585 (figure 13 column A). Most of the model 

results in Liess and others (2026) show increased precipitation in winter and spring, and a 

decrease in late summer and fall (table 11, table 12, table 13). The range in annual averages only 
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reflects which of these two trends is stronger. A more complete discussion of the downscaled 

climate models is available in Liess and others (2026). 

Figure 13. Approximately here (model domain-wide mean annual values of climate input). 

 

Comparison of SWB Simulations Driven by Observed (PRISM) Data and Climate Model Data 

for 1995–2014: Structural Bias  

The PRISM datasets used for the historic comparison period, 1995–2014, are a gridded 

representation of the weather as recorded at surface observation sites. The climate models, in 

comparison, simulate the climate of the same period. The PRISM data record the actual weather 

fronts that naturally happened over the course of this time, whereas the downscaled climate 

models simulate their own version of weather fronts that are different from the actual fronts, in 

terms of shape, timing, and intensity, despite all the efforts that go into correcting any biases in 

these simulations. The six GCMs used for Minnesota were selected because previous studies 

concluded they performed adequately for the upper Midwest (Srivastava and others, 2020). The 

six GCMs were not selected to represent a range of modeling realities such as a “wetter” models 

and “drier” models, yet substantial variability does exist among the synthetic weather data sets 

derived from the GCMs. 

In addition, the ‘weather’ simulated by the ‘historic’ output from the climate models will 

differ from the observed weather data simply because the model states will evolve and diverge 

over the 1850–2014 period. Disagreement between the climate model ‘historic’ simulations and 

observed historical PRISM data is therefore expected. A hydrologic model with daily timesteps 

will be accordingly sensitive to any differences in weather patterns between simulated weather 
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data and observed weather data and those differences will be carried to the output variables from 

the hydrologic model. These differences mean that when assessing possible future water budget 

changes, the basis for the change calculation must be the simulated historical water budget (from 

climate model data), rather than the PRISM-driven historical water budget. The absolute values 

of any water budget components under future climate also may not be directly comparable to the 

water budget components as calculated by the PRISM data-driven version. These differences 

between climate model-driven and PRISM-driven SWB model runs could be considered a form 

of bias. Attempts to evaluate and correct those biases were beyond the scope of this project. 

To evaluate potential bias in the future SWB output variables, the mean annual values of 

the climate models (inputs of the gross precipitation, average daily maximum temperature, 

average daily minimum temperature) and SWB output grids (actual ET, net infiltration, and 

surface runoff; six variables total) were compared to the same variable grids from the PRISM 

input data and PRISM-driven SWB output for the 1995–2014 time period. Figure 14 shows some 

examples of these differences, for the CESM2 and MIROC-ES2L models, as expressed in the 

difference between the PRISM-model datasets and the projected climate model datasets. The 

spatial distribution of the gross precipitation is the same for both models (figure 14), reflecting 

the bias adjustment that was done to harmonize modelled climate data as possible with each 

other and the observed PRISM data. The mean annual gross precipitation of the climate models 

is close to the PRISM values for much of the model area, although it is a few inches higher in the 

south and east (figure 14). The spatial differences between the climate models and PRISM for 

the average daily maximum temperature have a strong spatial gradient, with the PRISM values 

being higher in the northeastern part of the model and lower in the central, southern, and western 

part of the model (figure 14). The daily average temperature differences in the MIROC-ES2L 
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model are somewhat higher than the CESM2 model, but both models overpredict the mean daily 

maximum temperature by 1 to 5 degrees in most areas (figure 14). The mean daily minimum 

temperature differences show an opposite pattern, where the PRISM mean daily minimum 

temperatures are higher in the central and southwest part of the model area, and the climate 

models are higher in the northeast (by up to 5 degrees). Both MIROC-ES2L and CESM2 models 

agree reasonably well with the PRISM data for mean daily minimum temperatures in the central, 

western, and southern parts of the model area (figure 14).  

Figure 14. Approximately here (PRISM to downscaled climate comparisons for 1995–2014). 

The water budget variables simulated by SWB reflect a complicated interplay between 

the driver variables. The difference in the actual ET simulated values between PRISM and 

CESM are fairly evenly distributed across the model area, with the PRISM output being 

consistently higher by up to three inches across the model (figure 14). The actual ET differences 

for the MIROC-ES2L model are greater, with the PRISM output being higher by 2 to 5 inches 

across the model (figure 14). The reason that ET could be lower even if precipitation and 

temperature are higher may be suggested by the much higher runoff simulated by SWB when 

driven by climate models (figure 14). Runoff is generated in the SWB model when precipitation 

is delivered in high-intensity storms where the daily maximum infiltration is exceeded. 

Hypothetically, if the precipitation historically came in slower-moving storms lasting multiple 

days, rather than intense, shorter storms, this would result in the soil being saturated with more 

moisture available for evapotranspiration than if most of the precipitation was routed to runoff. 

The net infiltration differences from PRISM across the model area for both CESM2 and 

MIROC-ES2L are smaller than the actual ET and surface runoff differences, and generally fall 

between 0 to 2 inches (plus or minus), with the exception of western Wisconsin (figure 14). In 
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this area, SWB model runs driven by climate models simulated net infiltration about 4 in/yr 

greater than PRISM-drive runs (figures 14E and 14K).  

 

 SWB Simulations of Future Periods using Climate Model Data  

A total of 42 SWB model runs were completed using the dynamically downscaled data 

sets (listed in table 10). SWB model runs using the simulated historical data for 1995–2014 were 

compared to SWB model runs using future climate projection data to evaluate potential future 

changes in hydrologic conditions. None of the future periods were compared directly with the 

SWB model runs driven by PRISM weather data because of the biases that exist. The following 

discussions do not consider the biases between the PRISM weather data and the downscaled 

projections. SWB model runs driven by climate models produced numerous datasets describing 

potential future hydrologic conditions in Minnesota. The goal of this section is to describe some 

important characteristics of these data rather than to fully describe projected hydrologic changes 

in Minnesota. A few examples are provided to illustrate important structural characteristics of the 

data.  

 

Table 11. Approximately here (spatially averaged summary of projected changes in water budget 
components for SSP245).  

 

Table 12. Approximately here (spatially averaged summary of projected changes in water budget 
components for SSP370).  
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Table 13. Approximately here (spatially averaged summary of projected changes in water budget 
components for SSP585).  

 

 

Figure 15. Approximately here (model domain-wide mean annual values of SWB output for downscaled 
climate data). 

 

Summary of Spatially Averaged Projections of Water Budget Components  

Spatially averaged projected changes in mean annual water budget components compared 

to the historical period for the entire study area are shown in figure 15 and tables 11, 12, and 13. 

Some water budget components had consistent increasing or decreasing trends across models and 

scenarios compared to the historical period, whereas other water budget components had variable 

directions of change relative to the historical period. All six climate models generally showed an 

increase in temperature compared to the historical period (figure 13). Likewise, simulated water 

budget components with a strong dependence on temperature (reference ET, snowfall, and 

snowmelt) showed consistent responses (figure 15 columns A, F, G). Most SWB models 

simulated a decrease in snowfall and snowmelt in the future periods compared to the historical 

period. All six SWB models in each scenario simulated an increase in reference ET, which is 

computed with a temperature-based method (Hargreaves and Samani, 1985). All SWB models 

simulated an increase in climatic deficit (the difference between reference ET and actual ET) 

compared to the historical period (figure 15 column C), a trend driven by the consistent increase 

in reference ET. Actual ET simulated by SWB was variable across the climate models and 

scenarios (figure 15 column B).   
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Unlike the water budget components discussed above that largely respond to changes in 

temperature, mean annual actual ET (column B), net infiltration (column D), and surface runoff 

(column E) do not have consistent increasing or decreasing trends on an annual basis when 

averaged over the entire model area as shown in figure 15. These variables strongly respond to 

precipitation intensity, precipitation type, and precipitation timing in addition to temperature. 

With the complex, often nonmonotonic responses of precipitation to increased temperatures 

across the ensemble, and the sensitivity of the SWB model to the sequence of weather events, it 

is expected that these water budget variables will themselves exhibit complex projected trends. 

Ensemble averages of mean annual actual ET, net infiltration, and surface runoff show very little 

change from the historical period in all three scenarios (figure 15). The sole exception is the 

consistent increase from historical to end of century ensemble average of mean annual surface 

runoff in scenario SSP585 (figure 15, column E, bottom row). Although reference ET is 

consistently projected to increase compared to the historical period, actual ET is not projected to 

increase, resulting in an increasing trend in climatic deficit (figure 15 column C). This illustrates 

a growing gap between evaporative demand and actual ET.  

Although actual ET, net infiltration, and surface runoff do not have consistent projected 

trends on an annual basis, there are some fairly consistent seasonal patterns in the projected 

spatial averages over the entire study area and across all scenarios. As previously stated, most of 

the climate models projected increased precipitation in winter and spring, and decreased 

precipitation in late summer and fall (table 11, table 12, table 13). For actual ET, most models 

projected an increase in actual ET in winter and spring and a decrease in summer and fall, 

suggesting soil moisture deficits during the primary growing season. For net infiltration, most 

models projected an increase in winter and a decrease in summer and fall. For surface runoff, 
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most models projected an increase in winter. For snowfall and snowmelt, most models projected 

modest increases in winter and decreases in fall and spring (table 11, table 12, table 13). Taken 

together, the spatially averaged models generally project increases in winter water fluxes and 

decreases in summer and fall water fluxes. There are numerous spatial patterns not evident in 

these study area wide average summaries, which will be illustrated through an example in the 

next section.  

Projected Water Budget Component Changes for an Example Scenario: 2040–59 SSP370 

 

Figure 16. Approximately here (maps of projected differences in mean annual precipitation for 6 
downscaled climate models.  

 

Figure 17. Approximately here (maps showing spatial variability in projected changes in water budget 
components from 1995–2014 to 2040–59).  

 

Figure 18. Approximately here (maps of the ensemble mean and range in simulated water budget 
components.  

 

 

To illustrate some of the many scales of interpretation of projected changes with the data 

available through this study, one example scenario, SSP370 for 2040–59, is described in detail 

(figure 13, figure 16, figure 17, and table 12). In figure 13 (column A, middle row), a decrease of 

about 1.5 in/yr in the ensemble mean annual precipitation from the historical period to the mid-

century is shown for the entire study area. However, this plot also shows that when averaged 
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over the entire model area, three individual models project an increase in mean annual 

precipitation from the historical period and three models project a decrease. In figure 16, the 

spatial distribution of the projected changes from historical for each individual model are shown, 

providing a detailed visualization of the variability among models across the model area. The six 

maps from figure 16 are summarized into a map of the median change in precipitation (figure 

17A) and a map that counts the net number of models showing an increase or decrease from 

historical (17B). In figure 17A, the spatial distribution of the ensemble median illustrates that 

precipitation is projected to decrease more in the southern half of the state compared to the 

northern half of the state. The light red color in figure 17B illustrates that over most of the 

southern third of the state, four models project a decrease in precipitation while two models 

project an increase in precipitation compared to the historical period. In far southeastern 

Minnesota, the darker shades of red indicate that five, and in some areas all six, models project a 

decrease in precipitation (figure 17B). Across most of the northern two-thirds of the state, the 

median change in precipitation is small (figure 17A) and the six models are generally split on 

precipitation change relative to the historical period; three are projecting an increase and three 

are projecting a decrease (figure 17B).  

The variability in the climate models interacts with the structure of the SWB hydrologic 

model. SWB parses precipitation events into runoff, evapotranspiration, and net infiltration on a 

daily timestep. In the SWB model, gridded combinations of soil properties and land cover have 

parameters that control how precipitation is partitioned. The underlying grid structure in SWB 

has an observable influence on how the variability in climate data is transferred into the 

simulated water budget components. For example, the range in mean annual net infiltration rates 

for future periods tends to be greatest in areas of the state with soils that have high infiltration 
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capacity (HSG A or B) and high net infiltration, such as southeastern Minnesota (figures 4C, 

18C, and 18D). Conversely, the range in runoff estimates for future periods is greatest in areas of 

the state with soils that have low infiltration capacity (HSG C, D, or C/D) and high surface 

runoff, such as south-central Minnesota (figures 4C, 18A, and 18B). 

In addition to spatial variability, projected changes vary among seasons. In table 12, the 

projections for the SSP370 scenario are summarized seasonally across the entire model area. The 

ensemble average change in mean annual precipitation across the entire model area by mid-

century is a decrease of about 1.6 in/yr. Most of the decrease in precipitation is projected to 

occur during the critical growing season summer months of June, July, and August. Winter 

precipitation is projected to increase by about 0.11 in/yr, spring precipitation is projected to 

increase by about 0.04 in/yr, summer precipitation is projected to decrease by 1.35 in/yr, and fall 

precipitation is projected to decrease by 0.44 in/yr.  

To continue exploring the example of a single scenario, SSP370 during mid-century 

(2040–59), water budget components of actual ET, surface runoff, and net infiltration can be 

compared across figure 15, figure 17, and table 12 to gain insights into patterns that aren’t 

apparent in the annual model-wide averages in figure 15. For the entire model area, the ensemble 

average mean annual actual ET is projected to decrease by about 0.88 in/yr and all six models 

project a decrease (figure 15 [column B, middle row], table 12). Seasonal ensemble average 

changes by mid-century of actual ET are as follows: a 0.09 in/yr increase in winter, a 0.03 in/yr 

increase in spring, a 0.84 in/yr decrease in the summer, and a 0.17 in/yr decrease in the fall (table 

12). All six models are consistent with the projected seasonal pattern of actual ET increasing in 

the winter months and decreasing in the summer and fall months. There is widespread agreement 

among models for decreasing actual ET across most of Minnesota (figure 17C, figure 17D) on an 
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annual basis. The models are more variable in the direction of change for surface runoff annually 

and seasonally, with some models projecting increases and some projecting decreases (figure 

17E, figure 17F, table 12). Projected changes in net infiltration have nuanced spatial patterns and 

seasonal patterns that are not apparent in the high-level average. Parts of the state are projected 

to have decreases in mean annual net infiltration (figure 17G, figure 17H). Seasonal ensemble 

average changes by mid-century of net infiltration are as follows: no change in winter, a 0.21 

in/yr decrease in spring, a 0.19 in/yr decrease in the summer, and a 0.23 in/yr decrease in the fall 

(table 12). Most of the models are consistent with the projected seasonal pattern of decreasing 

net infiltration in the summer and fall months, but are less consistent with the projected changes 

in winter and spring. 

It is beyond the scope of this report to convey detailed evaluations of sub-annual changes 

on subsets of the study area, but the data are provided in the accompanying data release to 

support further evaluations of interest (Westenbroek and others, 2026). 

Future Climate Projections and Future SWB Model Output Uses and Limitations 

In addition to natural climate variability, there are myriad sources of uncertainty in the 

chain of models used to create future water budget components (GCM to WRF to SWB, figure 

11). Although the magnitude and direction of many of these sources of uncertainty can be 

estimated, there are some sources of uncertainty that cannot be estimated quantitatively. 

Projections of water budget components under future climate models are probably best used as a 

qualitative and conservative estimate of the bounds that these water budget components might 

take. The projection data are not probabilistic in nature and do not indicate any likelihood of 

occurrence. The broad, consistent trends in the projections provide some insights about possible 

future hydrologic conditions. There are several scenario planning frameworks and process guides 
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available (for example, Bouska and others, 2025) that can help users evaluate and utilize future 

climate model outputs, such as those produced here, in their management decisions.  

Uncertainty in climate projections can be partitioned into three major contributions: 

internal climate variability, model response, and emissions scenario uncertainty (Lehner and 

others, 2020). Given these uncertainties, picking only a single model simulation would grossly 

underestimate the range of possible future climate outcomes. Previous research has found that a 

multi-model ensemble mean of many model results generally outperforms individual models or 

ensemble members (Kim and others, 2020). “Irreducible uncertainty about future greenhouse gas 

emissions, the fact that there is no single most reliable [climate model], and the confounding 

effect of natural variability mean it is impossible to determine the best, or most likely, climate-

change scenario.” (Snover and others, 2013). Therefore, the ensemble mean or median of output 

from the six climate models in this study can give a general sense of how water budget 

components might change under future climate conditions. Advanced users could also explore all 

the individual model results at annual, monthly, and seasonal time scales to better understand 

model uncertainty associated with water budget estimates from climate projections.  

As discussed previously, differences exist between the PRISM “observed” historical 

climate data and the modelled historical climate data used in SWB. Not surprisingly, the 

differences present between the two climate data sets translate to differences in the SWB-

simulated outputs for the historical period. Many approaches to bias correction of regional 

climate models have been attempted (see, for example: Teutschbein and Seibert, 2013), but it is 

unclear whether a more sophisticated technique than the linear corrections used here would result 

in baseline SWB water budget results from the climate models that would be more similar to 

those generated from the PRISM data. This report acknowledges the bias that exists between 
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modelled and observed climate, but no attempt is made to reconcile them. Future projections that 

included bias adjustments to reconcile differences during the historical period may clarify 

projected future trends in water budget components. 

 

Summary  

Managing water resources in Minnesota requires understanding the interplay of 

precipitation, evapotranspiration (ET), runoff, and groundwater recharge. This project aims to 

advance the understanding of how these major fluxes of water respond to climate forcings of 

precipitation and temperature in a historical period with observed weather data and under various 

future scenarios with simulated climate projection data. Two recent developments created an 

opportunity to accomplish this: (1) the USGS has improved their Soil-Water-Balance (SWB) 

model code and made advancements in model calibration (Westenbroek and others, 2018; 

Nielsen and Westenbroek, 2019), and (2) the University of Minnesota Climate Adaptation 

Partnership (MCAP) has produced climate projections optimized for Minnesota at a high spatial 

resolution (4-kilometer) using the most up-to-date global climate model outputs (Liess and 

others, 2026).  

The two primary objectives of this project were to first calibrate the SWB model to 

observed data and simulate historical water budgets (1981–2022) using observed PRISM 

weather data and second, to project future water budgets under climate scenarios using high-

resolution dynamically downscaled climate data available from Liess and others (2026).  

The SWB model calculates excess soil moisture (net infiltration) by partitioning 

precipitation and snowmelt into several components: direct runoff, plant interception, soil 
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infiltration, actual evapotranspiration (ET), soil-moisture storage, rejected recharge, and 

infiltration of excess soil moisture to the water table (potential recharge). Running the Minnesota 

SWB model requires four sets of inputs: (a) grids describing the study area (land use, hydrologic 

soil groups, and soil available water capacity [AWC]); (b) grids of daily climate data; 

(c) lookup-table values for the water-balance calculations, including runoff curve numbers, 

maximum potential infiltration rates, rooting depths, and rules for handling interception for each 

combination of land-use class and hydrologic soil group defined under Food and Agriculture 

Organization Irrigation and Drainage Paper 56 (FAO56); and (d) lookup-table values used in 

implementing FAO56 ET calculations, including plant-growth parameters and bare-soil 

evaporation settings. 

The SWB model was calibrated to observations of actual evapotranspiration, runoff, 

baseflow, and total streamflow collected between 2000 and 2022 from 71 watersheds within the 

study area. The observed values for actual ET for each watershed were derived from ET data 

from a conterminous United States-wide model based on remote sensing data (Reitz and others, 

2017). An ensemble approach was used to derive an overall estimate of the base flow and direct 

runoff for each stream gaging station, using the median of six baseflow separation methods. 

Automated adjustments to the parameters in the SWB lookup table were completed within 

PEST++ software during model calibration to minimize the difference between observed and 

simulated values in calibration watersheds. The best-fit model calibration obtained with the four 

sets of observation data yielded a model with an overall coefficient of determination (r2) of 0.973 

with a standard error of 0.002 inches per year for all observations. 

A Monte Carlo analysis was used to characterize uncertainty in net infiltration, runoff, 

and actual ET estimates arising from model parameters. For the Monte Carlo analysis, 350 sets 
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of parameter values were created in which parameters were allowed to vary within a range of 

plus or minus 20 percent of their calibrated value. The mean annual net infiltration, actual ET, 

and surface runoff were calculated for each model cell for each of the 350 realizations. A 95-

percent confidence interval grid was calculated from the population of 350 resultant grids. Net 

infiltration and runoff tended to have higher uncertainty in the eastern part of the model 

compared to the western part while the uncertainty in actual ET was fairly consistent across the 

study area. Uncertainty in input data was not evaluated. 

In Minnesota for the period 1981–2022, PRISM data indicated a mean annual 

precipitation of 28.5 inches per year (in/yr) and spatially averaged SWB simulations showed that 

actual ET was about 21.6 in/yr, surface runoff was about 3.0 in/yr, and net infiltration was about 

4.0 in/yr. These values are 76 percent, 11 percent, and 14 percent of precipitation, respectively. 

The lowest rates of net infiltration occurred in the western portion of the study area and the 

highest rates of net infiltration occurred in central and southeastern Minnesota and western 

Wisconsin, a pattern driven by regional precipitation gradients and the distribution of soil 

properties. Actual ET generally increased from north to south and the highest rates of actual ET 

correspond to irrigated areas where SWB estimated irrigation water inputs to meet crop 

demands.  

The calibrated SWB model driven by observed PRISM weather data is an update to a 

previously published statewide SWB from Smith and Westenbroek (2015). The model in this 

report simulated lower statewide net infiltration for (3.9 in/yr) compared to the previous 

statewide SWB model (4.9 in/yr, Smith and Westenbroek, 2015) for the period 1996–2010 with 

notable differences by soil type and irrigated areas. Differences in weather drivers, input data 
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sets, and calibration procedures likely contributed to the differences in simulated output between 

the models. 

Six CMIP6 global climate models that were known to perform well for the Upper 

Midwest were dynamically downscaled to simulate daily past and future climate data sets for 

driving SWB model runs. A total of 42 SWB model runs were completed using the dynamically 

downscaled data sets. The dynamically downscaled daily data sets were generated for every 

combination of six GCMs for two periods (mid-century, 2040–59 and late century, 2080–99) and 

three emissions scenarios (SSP245, SSP370, and SSP585). For each of the six GCMs, a daily 

dataset was also simulated for the historical period of 1995–2014. To evaluate projected future 

changes in water budget components, SWB model runs using the simulated historical data for 

1995–2014 were compared to SWB model runs using future climate projection data. Bias exists 

between SWB model runs that used observed historical PRISM data and runs that used simulated 

historical climate data. The factors leading to potential bias in the climate projections are 

complicated, and making adjustments for this bias was beyond the scope of this investigation.  

All six climate models project an increase in temperature compared to the simulated 

climate of the historical period. On an annual basis, simulated water budget components with a 

strong dependence on temperature (snowfall, snowmelt, and reference ET) also projected fairly 

consistent responses across models: decreases for snowfall and snowmelt and increases in 

reference ET. All SWB models projected an increase in climatic deficit on an annual basis, 

which is the difference between reference ET and actual ET. The response of precipitation to 

increased temperature is complex. The multi-model ensemble mean projects a slight increase in 

annual precipitation only in two scenarios, SSP370 and SSP585. There is reasonable agreement 

among models for increased precipitation in winter and spring, and decreased precipitation in 
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late summer and fall. Actual ET, net infiltration, and surface runoff do not have consistent 

projected changes from historical values on an annual basis, but models reasonably agree on 

some projected seasonal changes in the spatial averages over the entire study area. The models 

mostly projected increases in winter fluxes of water including increases in precipitation 

(including increases in snowfall), actual ET, runoff, and net infiltration. The models mostly 

projected decreases in summer and fall water fluxes including decreases in precipitation, actual 

ET, and net infiltration. These are high-level summaries of agreement among models over the 

entire study area; there are numerous spatial patterns not described in these spatially averaged 

summaries.  

Uncertainty is a feature in any modeling effort, including simulating future climatic 

conditions. Throughout this report, model uses and limitations and sources of uncertainty and 

bias have been discussed. Uncertainty is inherent at each level of the chain of models used in this 

study. Information is provided about the magnitude and direction of some sources of uncertainty, 

but there are some sources of uncertainty that cannot be estimated quantitatively. Users of the 

datasets described in this report should carefully review all discussions in the report about 

appropriate model use and limitations, as well as the quantitative discussions of model 

uncertainty and bias.  
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Appendix 1: Figures 

  



 

 

 

 

Figure 1. Map of the model extent and watersheds with continuous streamflow data from 2000–22 used for 

calibration of the Minnesota Soil-Water-Balance (SWB) model. 

ALT TEXT: Watersheds in Minnesota with continuous streamflow data from 2000–22. 

 



 

Figure 2. Map of PRISM mean annual precipitation,1981–2022, for the Minnesota Soil-Water-Balance 

(SWB) model.  

 

ALT TEXT: Mean annual precipitation for Minnesota from 1981 to 2022 used in SWB model inputs. 

 



 

 

Figure 3. Diagram showing operation of daily Soil-Water-Balance calculations and water-balance output 

(modified from Nielsen and Westenbroek, 2019).  

 

ALT TEXT: Process diagram of daily Soil-Water-Balance calculations and resulting water-balance outputs. 

  



 

 

Figure 4. Maps showing gridded input data for the Minnesota Soil-Water-Balance model of (A) land use 

distribution; (B) available water capacity; (C) hydrologic soil group; and (D) irrigation mask.  

ALT TEXT: Four-part map with gridded input data for SWB model including land use, soils information, and 

irrigated areas. 

 

  



 

 

Figure 5. Overall model calibration results.  Simulated versus observed values for (A) actual 

evapotranspiration; (B) net infiltration; (C) runoff; and (D) total surface water (net infiltration + runoff). 

Residuals versus observed values for (E) actual evapotranspiration; (F) net infiltration; (G) runoff; and (H) 

total surface water (net infiltration + runoff). 

 

ALT TEXT: Comparison of simulated and observed water-balance components and residuals after SWB 

model calibration. 

  



 

 

 

 

Figure 6. Spatial distribution of weighted residual values for watershed-based observations used to 

calibrate the Minnesota Soil-Water-Balance. Only watersheds with annual streamflow totals are shown in 

panels C, D, E, and F. (A) mean residual of annual actual evapotranspiration (actual ET); (B) mean 

absolute residual of annual actual ET; (C) mean residual of annual net infiltration; (D) mean absolute 

residual of annual net infiltration; (E) mean residual of annual runoff; and (F) mean absolute residual of 

annual runoff.  

 



 

 

 

Figure 6. continued.  

ALT TEXT: Spatial patterns of residuals for evapotranspiration, net infiltration, and runoff used in Minnesota 

SWB model calibration. 

 

  



 

Figure 7. Annual comparisons of observed and simulated baseflow (bf, assumed to approximate net 

infiltration), surface runoff (ro), and actual evapotranspiration (aet) for 2005–15 in six calibration 

watersheds.  Years in which baseflow and runoff bars are not shown indicate insufficient streamflow data 

for that year. 

ALT TEXT: Annual comparisons of observed and simulated recharge, runoff, and evapotranspiration for 

2012-2022 in six calibration watersheds. 

  



 

 

Figure 8.  Plots of Soil-Water-Balance (SWB) model uncertainty, expressed as a one-direction 95-percent 

confidence interval around the mean for (A) net infiltration; (B), surface runoff; and (C) actual 

evapotranspiration (actual ET). The total range in uncertainty around the mean is two times each of these 

plots (mean plus and mean minus the range shown). 



 

 

 

Figure 9. Maps of gridded Soil-Water-Balance model outputs, including mean annual (A) irrigation, (B) 

actual evapotranspiration, (C) net infiltration, and (D) runoff for 1981–2022.   

ALT TEXT: Soil-Water-Balance model output maps of mean annual irrigation, evapotranspiration, net 

infiltration, and runoff for 1981 to 2022. 

  



 

  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 10.  Comparison between the Minnesota Soil-Water-Balance (SWB) model from Smith and 

Westenbroek (2015) and the SWB model from this report for 1996–2010. (A map showing differences in 

net infiltration between models and (B) histogram of the mean annual net infiltration (potential recharge) 

rates from each model. 

ALT TEXT: Map and histogram illustrating differences in simulated net infiltration between two versions of 

Minnesota SWB models for 1996 to 2010. 
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Figure 11. Diagram of climate data and modeling process for the Minnesota Soil-Water-Balance PRISM 

and CMIP6 modeling runs. (A) published source climate information for CMIP6 modeling data; (B) CMIP6 

downscaling and bias correction steps, University of Minnesota; (D) meteorological dataset inputs to the 

Minnesota Soil-Water-Balance Model, historical and future; (D) Minnesota Soil-Water-Balance model 

output datasets.   

 

 

  



 

 

 

Figure 12. Map showing extent of climate projections at 20-kilometer resolution (outer map, d01) and extent 

of projections at 4-kilometer resolution (white frame, d02) used for this study. Inset map on bottom left 

shows land use categories for the area of 4-kilometer resolution.  This figure is from Liess and others 

(2026), licensed under the Creative Commons CC by https://creativecommons.org/licenses/. 

 

ALT TEXT: Map showing climate projection extents at 20-kilometer and 4-kilometer resolution with inset of 

land use categories for the finer-resolution area 
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Figure 13. Model domain-wide mean annual values of precipitation (grossPrecipitation in inches per year 

[in/yr], column A), mean annual maximum daily temperature (tmax in degrees Fahrenheit [degF], column 

B), mean annual minimum daily temperature (tmin in degF column C), and mean annual difference in daily 

maximum and minimum temperatures (tmaxMinusTmin om degF, column D) for a historical period (1995–

2014) and future periods (2040–59, 2080–99) for the six dynamically downscaled Global Climate Models 

(GCMs) for each of three scenarios: Shared Socioeconomic Pathway 245 (SSP245, top row), SSP370 

(middle row), and SSP585 (bottom row). Data from Liess and others (2026). 

 ALT TEXT: Graphs of mean annual precipitation and temperature metrics for historical and future periods 

from the climate projections for each of three future SSPs. 
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Figure 14. Maps comparing mean annual climate input data and simulated outputs from the Soil-Water-

Balance (SWB) model driven by different climate data sets for 1995–2014. Annual averages from two of the 

dynamically downscaled global climate models (CESM2, MIROC-ES2L) are compared to PRISM weather 

data for climate inputs including (A) precipitation, maximum daily temperature, minimum daily temperature 

and (B) simulated outputs from the SWB model including actual evapotranspiration, net infiltration, and 

surface runoff.   

  ALT TEXT: Maps comparing mean annual climate inputs and SWB model outputs for 1995 to 2014 using 

PRISM data and downscaled climate model ensembles. All the climate variables and SWB output variables 

from the climate model datasets show geographic differences compared to the historic PRISM datasets.  

 

 

 

 

  



 

Figure 15.  
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Figure 15. Model domain-wide mean annual values in inches per year (in/yr) of reference evapotranspiration (referenceEt, column A), actual 

evapotranspiration (actualEt, column B), climatic deficit (climaticDeficit, column C), net infiltration (netInfiltration, column D), surface runoff 

(surfaceRunoff, column E), snowfall (column F) and snowmelt (column G) for a historical period (1995–2014) and future periods (2040–59, 2080–99) 

simulated with the Soil-Water-Balance model driven by six dynamically downscaled Global Climate Models (GCMs) under Shared Socioeconomic 

Pathway 245 scenario (SSP245, top row), SSP370 scenario (middle row), and SSP585 scenario (bottom row). 

ALT TEXT Mean annual water budget components simulated with the Soil-Water-Balance model for historical and future periods under SSP245, 

SSP370, and SSP585 scenarios. 

  



  

 

  

 

 

 

 

 

 

 

 

 

 

 

Figure 16. Example maps of projected differences in mean annual precipitation from a historical period, 

1995–2014, and a future period, 2040–59, under the Shared Socioeconomic Pathway 370 scenario for 

each of the dynamically downscaled global climate models used in climate modeling including (A) BCC-

CSM2-MR, (B) CESM2, (C) CMCC-ESM2, (D) CNRM-ESM2-1, (E) IPSL-CM6A-LR, and (F) MIROC-ES2L.   

ALT TEXT: Projected change in mean annual precipitation from 1995–2014 to 2040–59 under the Shared 

Socioeconomic Pathway 370 scenario for six climate models. 
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Figure 17. Example maps showing spatial variability in projected changes in water budget components 

from 1995–2014 to 2040–59, simulated with the Soil-Water-Balance model driven by six dynamically 

downscaled global climate models under the Shared Socioeconomic Pathway 370 scenario. For water 

budget components of precipitation, actual evapotranspiration, surface runoff, and net infiltration, panels (A) 

(C), (E), and (G) display the median change, respectively, and (B), (D), (F), and (H) show the net number of 

models with an increase or decrease among the six downscaled global climate models, respectively.  
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Figure 17. continued.  

 

ALT TEXT: Maps of projected changes in precipitation, evapotranspiration, runoff, and infiltration for 2040–

2059 under SSP370, showing median change and model agreement 
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Figure 18. Maps of the ensemble mean and range in future water budget components simulated with Soil-

Water-Balance models driven by six dynamically downscaled global climate model inputs for 2040–59 for 

the Shared Socioeconomic Pathway 370 scenario (SSP370): (A) ensemble mean surface runoff, (B) range 

in surface runoff, (C) ensemble mean net infiltration, and (D) range in net infiltration.  

ALT TEXT: Ensemble mean and range of simulated surface runoff and net infiltration by six models for the 

period 2040–2059 under SSP370. 
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Appendix 2: Tables 

 



1 Corn 22.8
5 Soybeans 13.1

23 Spring Wheat 1.9
36 Alfalfa 1.5
37 Other Hay/Non Alfalfa 0.5
41 Sugarbeets 0.1
42 Dry Beans 0.2
61 Fallow/Idle Cropland 0.2

111 Open Water 4.7
121 Developed/Open Space 2.5

122 Developed/Low Intensity 0.9

123 Developed/Medium 
Intensity 0.4

124 Developed/High Intensity 0.1

131 Barren 0.1
141 Deciduous Forest 18.6
142 Evergreen Forest 1.4
143 Mixed Forest 4.2
152 Shrubland 0.3
176 Grassland/Pasture 6.3
190 Woody Wetlands 14
195 Herbaceous Wetlands 6.1

Land-use code Percentage of model domainLand-use class (figure 4A)

 [The following 17 land-use classes occur in the model domain but cover less than 0.01 
percent each: Sorghum, Sunflowers, Sweet Corn, Barley, Winter Wheat, Rye, Oats, Canola, 
Flaxseed, Buckwheat, Potatoes, Peas, Herbs, Clover, Sod/Grass Seed, Christmas Trees, and 
Other Crops]

Table 1. Percentage area of land uses within the model domain of the Minnesota Soil-Water-
Balance model.



Table 2. Percentage area of hydrologic soil groups within the model domain of the Minnesota Soil-Water-Balance model. 

Soil group 
number

Hydrologic soil 
group Description Percentage of model 

area

1 A Low runoff potential when wet; water is transmitted freely through the 
soil 12.1

2 B Moderately low runoff potential when wet; water transmission is 
unimpeded 16.7

3 C Moderately high runoff potential when wet; water transmission is 
somewhat restricted 24.1

4 D High runoff potential when wet; water movement is restricted; 
typically clayey textures; somewhat poorly to poorly drained 4.4

5 A/D High water transmission rates; water table <60 centimeters from the 
surface (often wetlands) 10.2

6 B/D Moderate water transmission rates; water table <60 centimeters from 
the surface (often wetlands) 9.2

7 C/D Moderately low water transmission rates; water table <60 centimeters 
from the surface (often wetlands) 23.2



Land-use class

(fig. 3A) A B C D A/D B/D C/D
1 Corn 1.28 4.68 6.6 0.15 0.23 1.72 8.14 22.8

141 Deciduous Forest 3.31 4.62 3.84 1.1 1.3 1.57 2.82 18.6
190 Woody Wetlands 1.63 0.59 1.41 0.82 5.18 1.76 2.63 14

5 Soybeans 0.53 2 4.12 0.32 0.17 1.24 4.7 13.1
176 Grassland/Pasture 0.92 1.55 2.42 0.12 0.25 0.4 0.68 6.3
195 Herbaceous Wetlands 0.74 0.69 0.73 0.11 1.58 1.18 1.09 6.1
111 Open Water 1.11 0.7 1.04 0.52 0.59 0.34 0.36 4.7
143 Mixed Forest 0.92 0.28 0.96 0.77 0.38 0.2 0.71 4.2
121 Developed/Open Space 0.42 0.48 0.71 0.07 0.11 0.19 0.52 2.5
23 Spring Wheat 0.05 0.12 0.82 0.15 0.03 0.18 0.53 1.9
36 Alfalfa 0.18 0.42 0.31 0.02 0.05 0.15 0.35 1.5

142 Evergreen Forest 0.48 0.14 0.43 0.13 0.12 0.03 0.07 1.4
122 Developed/Low Intensity 0.21 0.16 0.22 0.04 0.05 0.06 0.14 0.9
37 Other Hay/Non Alfalfa 0.04 0.07 0.08 0.01 0.03 0.09 0.19 0.5

123 Developed/Medium Intensity 0.1 0.09 0.09 0.03 0.04 0.02 0.07 0.4

Land-use 
code

Percentage of total model area by 
hydrologic soil group

Overall 
percentage 

of model

Table 3.  Percentage of Minnesota Soil-Water-Balance  model covered by each combination of land-
use class and hydrologic soil group for the top 15 most abundant land-use types. 



Table 4. Characteristics of watersheds used for calibrating the Minnesota Soil-Water-Balance model.   

[USGS, United States Geological Survey; MN DNR, Minnesota Department of Natural Resources, mi2, square miles]

Watershed map 
number (figure 

1)
Site number1 Agency1 Site name1

Years of 
record 

from 2000 
to 2022

Watershed 
area, in mi2

0 04015438 USGS ST. LOUIS RIVER NEAR SKIBO, MN 11 100.8
1 04025500 USGS BOIS BRULE RIVER AT BRULE, WI 23 117.8
2 04021520 USGS STONEY BROOK AT PINE DRIVE NEAR BROOKSTON, MN 16 74.3
3 040263205 USGS WHITTLESEY CREEK NEAR ASHLAND, WI 23 28.3
4 040263491 USGS NORTH FISH CREEK NEAR MOQUAH, WI 9 79.2
5 04026390 USGS BEARTRAP CREEK AT U.S. HIGHWAY 2 NEAR ASHLAND, WI 12 22.8
6 04026450 USGS BAD RIVER NEAR MELLEN, WI 2 82.8
7 04026561 USGS TYLER FORKS RIVER AT STRICKER ROAD NEAR MELLEN, WI 11 70.4
8 05293000 USGS YELLOW BANK RIVER NEAR ODESSA, MN 23 459.4
9 05327000 USGS HIGH ISLAND CREEK NEAR HENDERSON, MN 20 240

10 05061000 USGS BUFFALO RIVER NEAR HAWLEY, MN 23 336
11 04015330 USGS KNIFE RIVER NEAR TWO HARBORS, MN 23 86.1
12 05078230 USGS LOST RIVER AT OKLEE, MN 23 249.1
13 05104500 USGS ROSEAU RIVER BELOW SOUTH FORK NEAR MALUNG, MN 23 428
14 05124480 USGS KAWISHIWI RIVER NEAR ELY, MN 23 251.2
15 05243725 USGS STRAIGHT RIVER NEAR PARK RAPIDS, MN 23 58.9
16 05353800 USGS STRAIGHT RIVER NEAR FARIBAULT, MN 23 436.4
17 05385500 USGS SOUTH FORK ROOT RIVER NEAR HOUSTON, MN 23 274.6
18 05287890 USGS ELM CREEK NR CHAMPLIN, MN 23 85.4
19 04024430 USGS NEMADJI RIVER NEAR SOUTH SUPERIOR, WI 23 422.8
20 05357335 USGS BEAR RIVER NEAR MANITOWISH WATERS, WI 23 94.6
21 05368000 USGS HAY RIVER AT WHEELER, WI 23 436.7
22 05393500 USGS SPIRIT RIVER AT SPIRIT FALLS, WI 23 84.8
23 05408000 USGS KICKAPOO RIVER AT LA FARGE, WI 23 266.3
24 04027500 USGS WHITE RIVER NEAR ASHLAND, WI 23 269.5
25 05290000 USGS LITTLE MINNESOTA RIVER NEAR PEEVER, SD 23 448.6
26 05291000 USGS WHETSTONE RIVER NEAR BIG STONE CITY, SD 23 405.6
27 06480650 USGS FLANDREAU CREEK ABOVE FLANDREAU SD 7 100.5
28 06482610 USGS SPLIT ROCK CREEK AT CORSON,SD 21 482.1
29 05060500 USGS RUSH RIVER AT AMENIA, ND 23 99.5
30 05355322 USGS RUSH RIVER NEAR ESDAILE, WI 2 186.3
31 05212700 USGS PRAIRIE RIVER NEAR TACONITE, MN 23 363.8
32 04026005 USGS BOIS BRULE RIVER NEAR LAKE SUPERIOR, WI 2 187.2
33 04026160 USGS SISKIWIT RIVER AT CORNUCOPIA, WI 1 27.3
34 05052500 USGS ANTELOPE CREEK AT DWIGHT, ND 19 284.9
35 05061500 USGS SOUTH BRANCH BUFFALO RIVER AT SABIN, MN 23 460.8
36 05063398 USGS S. BR. WILD RICE RIVER AT CO. RD. 27 NR FELTON, MN 18 192



Watershed map 
number (figure 

1)
Site number1 Agency1 Site name1

Years of 
record 

from 2000 
to 2022

Watershed 
area, in mi2

37 05085450 USGS SNAKE RIVER ABOVE WARREN, MN 14 176.3
38 05130500 USGS STURGEON RIVER NEAR CHISHOLM, MN 10 186.2
39 05245100 USGS LONG PRAIRIE RIVER AT LONG PRAIRIE, MN 23 447.8
40 05288580 USGS RICE CREEK BLW OLD HWY. 8 IN MOUNDS VIEW, MN 14 156.2
41 05288705 USGS SHINGLE CREEK AT QUEEN AVE IN MINNEAPOLIS, MN 21 30.1
42 05299650 USGS LAC QUI PARLE RIVER NEAR PROVIDENCE, MN 2 378.2
43 05299800 USGS WEST BRANCH LAC QUI PARLE RIVER AT DAWSON, MN 2 471.1
44 05314510 USGS CHETOMBA CREEK NEAR RENVILLE, MN 2 114.9
45 0531656290 USGS WEST FORK BEAVER CREEK AT 320 ST. NEAR BECHYN, MN 3 95.2
46 05317200 USGS LITTLE COTTONWOOD RIVER NEAR COURTLAND, MN 23 169
47 05320270 USGS LITTLE COBB RIVER NEAR BEAUFORD, MN 13 127.7
48 05326189 USGS SOUTH BRANCH RUSH RIVER AT CO RD 63 NR NORSELAND 3 82
49 05331833 USGS NAMEKAGON RIVER AT LEONARDS, WI 23 123.4
50 05341687 USGS WILLOW RIVER AT STATE HIGHWAY 46 NEAR DEER PARK,WI 4 83.3
51 053416966 USGS DRY RUN AT 190TH STREET NEAR JEWETT, WI 6 32.7
52 05342000 USGS KINNICKINNIC RIVER NEAR RIVER FALLS, WI 20 147.7
53 053674464 USGS YELLOW RIVER AT BARRON, WI 6 141.6
54 053674967 USGS TROUT CREEK AT TENTH STREET NEAR BLOOMER, WI 7 23.7
55 05370000 USGS EAU GALLE RIVER AT SPRING VALLEY, WI 23 64
56 05372995 USGS SOUTH FORK ZUMBRO RIVER AT ROCHESTER, MN 23 301
57 05387440 USGS Upper Iowa River at Bluffton, IA 20 366.5
58 05399500 USGS BIG EAU PLEINE RIVER AT STRATFORD, WI 23 219.8
59 06481480 USGS SKUNK CREEK NEAR CHESTER,SD 21 261.9
60 10067001 MN DNR Little Elk River nr Little Falls, CSAH13 6 147.3
61 11015001 MN DNR Pine River nr Jenkins, CSAH15 13 287
62 12047001 MN DNR Partridge River nr Staples, CSAH29 11 90.6
63 16023001 MN DNR Getchell Creek nr New Munich, CR176 17 60.9
64 17063001 MN DNR Mayhew Creek nr St. Cloud, CSAH8 9 49.5
65 18066001 MN DNR North Fork Crow River nr Georgeville, CSAH19 14 180.7
66 18075003 MN DNR Wright CD31 nr Montrose, Armitage Rd 6 23.5
67 21021001 MN DNR Rum River nr Milaca, CSAH16 19 582.7
68 38025003 MN DNR Vermillion River nr Vermillion, CSAH85 23 187.3
69 39016001 MN DNR Little Cannon River nr Cannon Falls, CR24 19 84.7
70 05364128 USGS DRYWOOD CREEK AT COVERED FOOTBRIDGE NR CADOTT  WI 2 70.3

1USGS data are available through the USGS Water Data For the Nation application (https://waterdata.usgs.gov/) and the Minnesota 
Department of Natural Resources data are available through the Cooperative Stream Gaging web application 
(https://www.dnr.state.mn.us/waters/csg/index.html).



[aet, actual evapotranspiration; bf, baseflow; ro, runoff; and totsw, total surface water flow]

North Central South North Central South

aet__annual 285 665 399 1349 285 665 399 1349
aet__seasonal 1095 2555 1533 5183 1095 2555 1533 5183

bf__annual 166 315 222 703 143 180 141 464
bf__seasonal 715 1335 1045 3095 555 877 828 2260
ro__annual 166 315 222 703 143 180 141 464

ro__seasonal 742 1410 1045 3197 582 952 828 2362
totsw__annual 258 351 222 831 258 351 222 831

totsw__seasonal 1117 1616 1045 3778 1117 1616 1045 3778

Observation type
General area in the model

Table 5.  Number of annual and seasonal actual evapotranspiration, base flow, runoff, and total surface-water observations 
used in the calibration of the Minnesota Soil-Water-Balance model.

Total

Number of weighted observations

General area in the model
Total

Number of total observations



Table 6. Parameter groups used in parameter estimation of the Minnesota Soil-Water-Balance model.

Parameter Group Parameter Description Example SWB Parameter Name

Runoff Curve number, by soil number cn_1 ... cn_7

Maximum net infiltration rate
Maximum daily value of water 
allowed to be considered net 

infiltration
max_net_infil_1 ... max_net_infil_7

Planting date planting_date

Basal crop coefficient kcb_ini, kcb_min, kcb_mid, 
kcb_end

Crop coefficient time values l_mid, l_late

Rooting depth Rooting depth in inches, by soil 
number rz_1 ... rz_7

Interception Plant interception growing_season_interception, 
nongrowing_season_interception

Evapotranspiration and crop growth



Parameter value
[subscripts correspond to the soil’s hydrologic soil group]

cn_b = 37.8 + 0.622 * cn_a
cn_c = 58.9 + 0.411 * cn_a
cn_d = 67.2 + 0.328 * cn_a
max_net_infil_b = 0.45 * max_net_infil_a
max_net_infil_c = 0.1 * max_net_infil_a
max_net_infil_d  = 0.07 * max_net_infil_a
rz_b = 1.14 * rz_a
rz_c = 0.96 * rz_a
rz_d = 0.89 * rz_a

Parameter name

runoff curve number

maximum net infiltration rate

rooting depth

Table 7. Example multipliers used in the parameter estimation process to enforce consistency across 
hydrologic soil groups. 



Minnesota only Entire study area
Precipitation 28.5 29.2
Snowfall 4.9 5.0
Reference evapotranspiration 33.7 34.2
Climatic deficit 12.7 13.2
Actual evapotranspiration 21.6 21.6
Surface runoff 3.0 3.1
Net infiltration 4.0 4.7

1980-2022 mean values, in inches per year
Water budget component

Table 8.  Mean annual values of water budget components for 1980-2022 for 
Minnesota and the entire study area.



[km, kilometer; mi2, square mile]
Category Smith and Westenbroek, 2015 This report

SWB model version Version 1 (Westenbroek and others, 
2010) Version 2 (Westenbroek and others, 2018)

Spatial resolution 1 km 1 km

Climate data DAYMET (Thornton and others, 2012) PRISM (PRISM Climate Group and Oregon State 
University, 2022)

Land cover

15 time-varying cover classes from 2001 
National Land Cover Database (Homer 
and others, 2007); 2006 National Land 
Cover Database (Fry and others, 2011)

23 crop types and 15 other land use types, held 
constant through time, based on the 2019-2023 
Crop Data Layers (USDA National Agricultural 

Statistics Service, 2023)

Soils data

Soil Survey Geographic (SSURGO) 
database and State Soil Geographic 

(STATSGO) database (Natural 
Resources Conservation Service, 2014)

Gridded National Soil Survey Geographic 
Database (gNATSGO; Soil Survey Staff, 2023)

Irrigation simulated NO YES, irrigation mask from LANID dataset 
(Martin and others, 2023)

Calibration period 1996-2010 2000-2020

Calibration data Baseflow Baseflow, runoff, and actual evapotranspiration 

Calibration watersheds
34, all in Minnesota with drainage areas 

ranging from 84 - 1,950 mi2

71 in Minnesota and bordering states, with 
drainage areas ranging from 23 - 583 mi2; stricter 

evaluation for baseflow assumptions

Simulated data types available Net infiltration (potential recharge)
Net infiltration, actual evapotranspiration, 

reference evapotranspiration, climatic deficit, 
runoff, and irrigation

Simulation period 1996 - 2010 1981 - 2022

Table 9.  Comparison of data sources and outputs between a previous statewide Soil-Water-Balance model (Smith and 
Westenbroek, 2015) and the Soil-Water-Balance model presented in this report.



Table 10.  Summary of daily climate datasets used with the Minnesota Soil-Water-Balance model.

Climate data source 
model1

Reference Historical 
period

Future 
periods

Shared socioeconomic 
pathway (SSP) scenarios 

for future periods

Number of SWB 
model runs in 
model archive2

PRISM PRISM Climate Group and 
Oregon State University, 2022 1981-2022 NA NA 1

BCC-CSM2-MR Wu and others, 2019 7

CNRM-ESM2-1 Séférian and others, 2019 7

MIROC-ES2L Hajima and others, 2020 7

CESM2 Danabasoglu and others, 2020 7

CMCC-ESM2 Lovato and others, 2022 7

IPSL-CM6A-LR Boucher and others, 2020 7

2Westenbroek and others, 2026

1995-2014
2040-59

2080-99

SSP245 (intermediate 
emissions)

SSP370 (high emissions)

 SSP 585 (very high 
emissions)

[PRISM, Parameter-elevation Regressions on Independent Slopes Model; BCC-CSM2-MR, Beijing Climate Center Climate 
System Model, version 2, Medium Resolution; CNRM-ESM2-1, Centre National de Recherches Météorologiques Earth System 
Model, version 2.1; MIROC-ES2L, Model for Interdisciplinary Research on Climate Earth System version 2 for Long-term 
simulations; CESM2, Community Earth System Model, version 2; CMCC-ESM2, Centro Euro-Mediterraneo sui Cambiamenti 
Climatici Earth System Model, version 2; IPSL-CM6A-LR, Institut Pierre-Simon Laplace Climate Model, version 6A, Low 
Resolution; NA, not applicable; SWB, Soil-Water-Balance]

1PRISM data are available as a daily data set.  All other models are global climate models (GCMs) that were downscaled with 
the Weather Research and Forecasting (WRF) model version 4.3 (Skamarock et al., 2021) at a 4-km horizontal resolution 
coupled to the Noah Land Surface Model (LSM).  



[SSP, Shared Socioeconomic Pathway; Tmax, maximum daily temperature; Tmin, minimum daily temperature; ET, evapotranspiration, degrees F, degrees Fahrenheit; NA, not applicable]

Minimum 
change

Maximum 
change

Mean 
change

Mean 
change, 

in percent

Number of 
models 

increasing

Number of 
models 

decreasing

Minimum 
change

Maximum 
change

Mean 
Change

Mean 
change, in 

percent

Number of 
models 

increasing

Number of 
models 

decreasing

Precipitation inches 2.21 -0.05 0.59 0.31 14 5 1 -0.36 0.93 0.36 16 5 1
Tmax degrees F 26.34 2.31 6.93 3.72 14 6 0 5.40 9.57 6.66 25 6 0
Tmin degrees F 6.36 3.56 9.47 5.36 84 6 0 7.64 12.65 9.30 146 6 0

Tmax minus Tmin degrees F 19.98 -2.54 -1.25 -1.64 -8 0 6 -3.08 -2.15 -2.63 -13 0 6
Reference ET inches 1.08 0.06 0.30 0.16 15 6 0 0.16 0.42 0.28 26 6 0

Actual ET inches 0.67 0.03 0.15 0.10 15 6 0 0.12 0.23 0.16 24 6 0
Climatic deficit inches 0.43 0.02 0.19 0.06 15 6 0 0.04 0.31 0.12 29 6 0
Surface runoff inches 0.33 0.01 0.12 0.06 20 6 0 -0.07 0.11 0.03 8 3 3
Net infiltration inches 0.51 0.04 0.24 0.16 30 6 0 -0.13 0.30 0.13 25 5 1

Snowfall inches 1.94 -0.32 0.32 0.13 7 5 1 -0.58 0.23 -0.05 -3 4 2
Snowmelt inches 1.36 -0.08 0.54 0.23 17 5 1 -0.23 0.38 0.03 2 4 2

Precipitation inches 6.43 -0.59 1.77 0.58 9 4 2 -1.08 2.39 0.73 11 4 2
Tmax degrees F 54.20 1.46 4.79 2.99 6 6 0 3.37 6.49 5.09 9 6 0
Tmin degrees F 31.91 2.24 4.24 3.28 10 6 0 4.01 7.03 5.40 17 6 0

Tmax minus Tmin degrees F 22.29 -0.92 0.82 -0.29 -1 2 4 -1.13 1.07 -0.31 -1 2 4
Reference ET inches 8.08 0.16 0.97 0.53 7 6 0 0.52 1.36 0.93 12 6 0

Actual ET inches 3.73 -0.06 0.30 0.13 3 5 1 -0.05 0.42 0.21 6 4 2
Climatic deficit inches 4.39 -0.07 0.86 0.40 9 5 1 0.25 1.37 0.73 17 6 0
Surface runoff inches 1.62 -0.34 0.75 0.23 14 4 2 -0.47 0.98 0.27 16 4 2
Net infiltration inches 1.83 -0.43 0.53 0.14 7 4 2 -0.64 0.69 0.11 6 4 2

Snowfall inches 1.47 -0.54 -0.09 -0.20 -14 0 6 -0.72 -0.02 -0.37 -25 0 6
Snowmelt inches 2.07 -0.73 -0.03 -0.38 -19 0 6 -0.97 -0.26 -0.61 -29 0 6

Precipitation inches 10.30 -1.81 1.80 -0.09 -1 4 2 -2.73 1.65 -1.05 -10 1 5
Tmax degrees F 79.37 3.24 6.16 3.97 5 6 0 5.12 9.53 6.92 9 6 0
Tmin degrees F 57.06 2.83 4.75 3.59 6 6 0 4.55 8.14 6.12 11 6 0

Tmax minus Tmin degrees F 22.31 -0.42 1.41 0.38 2 5 1 -0.09 1.72 0.80 4 5 1
Reference ET inches 14.75 0.62 1.72 0.96 6 6 0 1.13 2.43 1.70 12 6 0

Actual ET inches 8.75 -1.51 0.31 -0.28 -3 3 3 -1.47 0.74 -0.65 -7 1 5
Climatic deficit inches 6.28 0.33 3.14 1.22 19 6 0 0.42 3.70 2.29 37 6 0
Surface runoff inches 2.24 -0.75 1.18 0.35 16 4 2 -0.62 0.80 0.01 0 3 3
Net infiltration inches 0.84 -0.36 0.20 0.00 0 4 2 -0.41 0.22 -0.15 -17 1 5

Snowfall inches NA NA NA NA NA NA NA NA NA NA NA NA NA
Snowmelt inches NA NA NA NA NA NA NA NA NA NA NA NA NA

Precipitation inches 6.10 -1.20 1.04 0.13 2 4 2 -1.50 1.48 -0.15 -2 2 4

Table 11.  Spatially-averaged projected changes in mean annual water budget components under the Shared Socioeconomic Pathway 245 scenario (SSP245) for a future mid-century period (2040-2059) and end-of-
century period (2080-99) for the entire model domain.  Temperature and precipitation data are from Liess and others (2026); all other variables are from Westenbroek and others (2026).  

Time span

Summer (June, 
July, August)

Winter 
(December, 

January, 
February)

Spring (March, 
April, May)

Summary statistics of spatially averaged changes by mid-century (2040-59) 
in six climate projection models1 

Summary statistics of spatially averaged changes by end-of-century (2080-
99) in six climate projection models1

1995-2014 
ensemble 
average

Water budget 
component Units



Minimum 
change

Maximum 
change

Mean 
change

Mean 
change, 

in percent

Number of 
models 

increasing

Number of 
models 

decreasing

Minimum 
change

Maximum 
change

Mean 
Change

Mean 
change, in 

percent

Number of 
models 

increasing

Number of 
models 

decreasing

Time span

Summary statistics of spatially averaged changes by mid-century (2040-59) 
in six climate projection models1 

Summary statistics of spatially averaged changes by end-of-century (2080-
99) in six climate projection models1

1995-2014 
ensemble 
average

Water budget 
component Units

Tmax degrees F 55.48 2.72 5.02 3.56 6 6 0 4.95 9.06 6.95 13 6 0
Tmin degrees F 37.18 2.91 5.21 3.76 10 6 0 5.86 8.41 6.88 19 6 0

Tmax minus Tmin degrees F 18.30 -0.69 0.55 -0.20 -1 1 5 -0.91 0.64 0.07 0 4 2
Reference ET inches 5.27 0.18 0.56 0.35 7 6 0 0.38 1.06 0.76 14 6 0

Actual ET inches 2.63 -0.18 0.27 -0.01 0 2 4 -0.37 0.29 -0.15 -6 1 5
Climatic deficit inches 2.68 -0.08 0.69 0.35 13 5 1 0.10 1.41 0.90 34 6 0
Surface runoff inches 1.06 -0.42 0.44 0.11 11 5 1 -0.59 0.60 0.08 8 4 2
Net infiltration inches 0.80 -0.37 0.29 -0.04 -5 3 3 -0.47 0.48 -0.13 -16 2 4

Snowfall inches 0.92 -0.41 -0.09 -0.29 -31 0 6 -0.65 -0.39 -0.50 -55 0 6
Snowmelt inches 0.52 -0.31 -0.02 -0.17 -32 0 6 -0.38 -0.19 -0.27 -52 0 6

Precipitation inches 25.14 -3.24 3.52 0.95 4 4 2 -4.49 4.42 -0.09 0 3 3
Tmax degrees F 53.96 2.67 5.07 3.55 7 6 0 5.13 8.00 6.40 12 6 0
Tmin degrees F 33.22 3.01 5.12 3.97 12 6 0 5.84 8.44 6.91 21 6 0

Tmax minus Tmin degrees F 20.74 -0.95 -0.05 -0.42 -2 0 6 -1.08 0.09 -0.51 -2 1 5
Reference ET inches 29.23 1.28 3.29 2.00 7 6 0 2.30 4.94 3.69 13 6 0

Actual ET inches 15.82 -1.35 0.68 -0.05 0 3 3 -1.76 1.46 -0.42 -3 1 5
Climatic deficit inches 13.80 0.64 4.55 2.04 15 6 0 0.90 6.53 4.05 29 6 0
Surface runoff inches 5.27 -1.38 1.88 0.76 14 5 1 -1.44 1.73 0.38 7 3 3
Net infiltration inches 4.01 -1.04 0.96 0.26 7 4 2 -1.52 1.25 -0.03 -1 4 2

Snowfall inches 4.42 -1.20 0.03 -0.36 -8 1 5 -1.64 -0.40 -0.92 -21 0 6
Snowmelt inches 4.02 -1.07 0.02 -0.31 -8 1 5 -1.48 -0.35 -0.84 -21 0 6

1A 20-year mean grid was produced for each combination of climate projection model, water budget component, timespan, period, and scenario (2,970 mean grids). The (1995 - 2014) mean grid was substracted from a future period mean 
grid, resulting in six difference grids (one for each climate projection model) per combination of water budget component, timespan, and scenario (1,980 grids).  The spatial average of each difference grid was then computed.  The minimum, 
maximum, and mean change for each row in this table are from a pool of six spatially-averaged difference grids, one for each climate projection model.  The mean change, in percent, is the mean change value divided by the 1995-2014 
ensemble average value.  The number of models increasing column lists how many of the six climate projection models had a spatially averaged difference value greater than zero and the number of models decreasing column lists how many 
of the six climate projection models had a spatially averaged difference value less than zero.  

Fall 
(September, 

October, 
November)

Yearly



[SSP, Shared Socioeconomic Pathway; Tmax, maximum daily temperature; Tmin, minimum daily temperature; ET, evapotranspiration, degrees F, degrees Fahrenheit; NA, not applicable]

Minimum 
change

Maximum 
change

Mean 
change

Mean 
change, in 

percent

Number 
increasing

Number 
decreasing

Minimum 
change

Maximum 
change

Mean 
Change

Mean 
change, in 

percent

Number 
increasing

Number 
decreasing

Precipitation inches 2.21 -0.66 0.53 0.11 5 5 1 -0.04 1.50 0.67 30 5 1
Tmax degrees F 26.34 1.82 7.66 4.29 16 6 0 0.80 13.45 8.08 31 6 0
Tmin degrees F 6.36 3.19 9.65 5.88 93 6 0 1.78 17.79 11.14 175 6 0

Tmax minus Tmin degrees F 19.98 -1.99 -1.32 -1.59 -8 0 6 -4.33 -0.98 -3.06 -15 0 6
Reference ET inches 1.08 0.11 0.39 0.21 19 6 0 0.05 0.66 0.37 34 6 0

Actual ET inches 0.67 0.05 0.15 0.09 13 6 0 0.12 0.25 0.20 30 6 0
Climatic deficit inches 0.43 0.02 0.34 0.12 28 6 0 -0.07 0.45 0.18 42 5 1
Surface runoff inches 0.33 -0.11 0.08 0.01 3 4 2 -0.02 0.28 0.10 31 4 2
Net infiltration inches 0.51 -0.27 0.25 0.00 1 4 2 -0.01 0.62 0.28 55 5 1

Snowfall inches 1.94 -0.72 0.28 -0.07 -3 3 3 -0.64 1.48 0.17 9 3 3
Snowmelt inches 1.36 -0.36 0.29 0.02 2 3 3 -0.23 1.05 0.28 21 4 2

Precipitation inches 6.43 -2.04 2.44 0.04 1 3 3 -0.36 4.49 1.17 18 5 1
Tmax degrees F 54.20 1.99 6.91 4.42 8 6 0 5.04 10.26 7.19 13 6 0
Tmin degrees F 31.91 2.81 5.54 4.05 13 6 0 6.26 9.70 7.69 24 6 0

Tmax minus Tmin degrees F 22.29 -0.82 1.72 0.37 2 4 2 -1.90 0.66 -0.50 -2 2 4
Reference ET inches 8.08 0.30 1.49 0.88 11 6 0 0.73 1.95 1.28 16 6 0

Actual ET inches 3.73 -0.43 0.44 0.03 1 4 2 -0.01 0.68 0.29 8 5 1
Climatic deficit inches 4.39 0.12 1.70 0.84 19 6 0 0.07 1.70 0.99 23 6 0
Surface runoff inches 1.62 -0.70 0.91 0.03 2 3 3 -0.06 2.06 0.48 30 4 2
Net infiltration inches 1.83 -1.03 0.55 -0.21 -11 3 3 -0.42 1.76 0.20 11 3 3

Snowfall inches 1.47 -0.76 0.05 -0.34 -23 1 5 -1.04 -0.06 -0.53 -36 0 6
Snowmelt inches 2.07 -1.08 -0.17 -0.56 -27 0 6 -1.41 -0.02 -0.83 -40 0 6

Precipitation inches 10.30 -3.58 -0.23 -1.35 -13 0 6 -2.64 -0.75 -1.63 -16 0 6
Tmax degrees F 79.37 3.39 6.59 4.70 6 6 0 7.30 11.53 9.42 12 6 0
Tmin degrees F 57.06 3.14 4.69 3.88 7 6 0 6.83 9.78 8.51 15 6 0

Tmax minus Tmin degrees F 22.31 0.24 1.94 0.82 4 6 0 0.09 1.76 0.91 4 6 0
Reference ET inches 14.75 0.79 1.90 1.22 8 6 0 1.60 2.93 2.29 16 6 0

Actual ET inches 8.75 -2.40 -0.24 -0.84 -10 0 6 -1.84 -0.52 -0.97 -11 0 6
Climatic deficit inches 6.28 1.08 3.79 1.99 32 6 0 2.33 4.63 3.18 51 6 0
Surface runoff inches 2.24 -0.74 0.33 -0.11 -5 3 3 -0.37 0.69 -0.03 -1 2 4
Net infiltration inches 0.84 -0.43 -0.04 -0.19 -22 0 6 -0.36 0.02 -0.21 -25 1 5

Snowfall inches NA NA NA NA NA NA NA NA NA NA NA NA NA
Snowmelt inches NA NA NA NA NA NA NA NA NA NA NA NA NA

Table 12.  Spatially-averaged projected changes in mean annual water budget components under the Shared Socioeconomic Pathway 370 scenario (SSP370) for a future mid-century period (2040-2059) and end-of-
century period (2080-99) for the entire model domain.  Temperature and precipitation data are from Liess and others (2026); all other variables are from Westenbroek and others (2026).  

Summary statistics of spatially averaged changes by end-of-century (2080-
99) in six climate projection models1

Time span Water budget 
component Units

1995-2014 
ensemble 
average

Summary statistics of spatially averaged changes by mid-century (2040-59) 
in six climate projection models1 

Winter 
(December, 

January, 
February)

Spring 
(March, 

April, May)

Summer 
(June, July, 

August)



Minimum 
change

Maximum 
change

Mean 
change

Mean 
change, in 

percent

Number 
increasing

Number 
decreasing

Minimum 
change

Maximum 
change

Mean 
Change

Mean 
change, in 

percent

Number 
increasing

Number 
decreasing

Summary statistics of spatially averaged changes by end-of-century (2080-
99) in six climate projection models1

Time span Water budget 
component Units

1995-2014 
ensemble 
average

Summary statistics of spatially averaged changes by mid-century (2040-59) 
in six climate projection models1 

Precipitation inches 6.10 -1.48 0.49 -0.44 -7 2 4 -1.87 1.84 0.10 2 4 2
Tmax degrees F 55.48 2.29 7.11 4.72 9 6 0 8.02 11.83 9.43 17 6 0
Tmin degrees F 37.18 2.65 5.80 4.38 12 6 0 8.01 10.95 9.34 25 6 0

Tmax minus Tmin degrees F 18.30 -0.36 1.31 0.34 2 3 3 -0.87 0.88 0.10 1 3 3
Reference ET inches 5.27 0.17 0.91 0.52 10 6 0 0.83 1.30 1.04 20 6 0

Actual ET inches 2.63 -0.50 -0.01 -0.17 -6 0 6 -0.28 0.03 -0.16 -6 1 5
Climatic deficit inches 2.68 0.21 1.24 0.67 25 6 0 0.98 1.53 1.18 44 6 0
Surface runoff inches 1.06 -0.57 0.31 -0.06 -6 3 3 -0.70 0.96 0.25 24 5 1
Net infiltration inches 0.80 -0.51 0.01 -0.23 -28 1 5 -0.49 0.37 -0.10 -12 2 4

Snowfall inches 0.92 -0.48 -0.20 -0.34 -37 0 6 -0.70 -0.47 -0.60 -65 0 6
Snowmelt inches 0.52 -0.32 -0.02 -0.18 -35 0 6 -0.42 -0.25 -0.32 -62 0 6

Precipitation inches 25.14 -6.58 1.15 -1.63 -6 3 3 -2.93 7.16 0.35 1 3 3
Tmax degrees F 53.96 3.04 6.94 4.56 8 6 0 6.21 11.02 8.52 16 6 0
Tmin degrees F 33.22 3.38 6.04 4.56 14 6 0 7.07 11.11 9.15 28 6 0

Tmax minus Tmin degrees F 20.74 -0.54 0.90 0.00 0 2 4 -1.03 0.00 -0.63 -3 0 6
Reference ET inches 29.23 1.75 4.63 2.84 10 6 0 3.91 6.67 5.00 17 6 0

Actual ET inches 15.82 -3.28 -0.18 -0.88 -6 0 6 -1.64 0.24 -0.63 -4 1 5
Climatic deficit inches 13.80 1.92 6.84 3.63 26 6 0 3.84 7.86 5.54 40 6 0
Surface runoff inches 5.27 -1.31 0.95 -0.14 -3 3 3 -0.94 4.01 0.81 15 3 3
Net infiltration inches 4.01 -2.02 0.38 -0.62 -15 3 3 -1.04 2.80 0.19 5 3 3

Snowfall inches 4.42 -1.92 -0.03 -0.75 -17 0 6 -2.18 0.90 -0.94 -21 1 5
Snowmelt inches 4.02 -1.77 -0.03 -0.71 -18 0 6 -1.97 0.83 -0.86 -21 1 5

1A 20-year mean grid was produced for each combination of climate projection model, water budget component, timespan, period, and scenario (2,970 mean grids). The (1995 - 2014) mean grid was substracted from a future period mean 
grid, resulting in six difference grids (one for each climate projection model) per combination of water budget component, timespan, and scenario (1,980 grids).  The spatial average of each difference grid was then computed.  The 
minimum, maximum, and mean change for each row in this table are from a pool of six spatially-averaged difference grids, one for each climate projection model.  The mean change, in percent, is the mean change value divided by the 
1995-2014 ensemble average value.  The number of models increasing column lists how many of the six climate projection models had a spatially averaged difference value greater than zero and the number of models decreasing column 
lists how many of the six climate projection models had a spatially averaged difference value less than zero.  

Fall 
(September, 

October, 
November)

Yearly



[SSP, Shared Socioeconomic Pathway; Tmax, maximum daily temperature; Tmin, minimum daily temperature; ET, evapotranspiration, degrees F, degrees Fahrenheit; NA, not applicable]

Minimum 
change

Maximum 
change

Mean 
change

Mean 
change, in 

percent

Number 
increasing

Number 
decreasing

Minimum 
change

Maximum 
change

Mean 
Change

Mean 
change, in 

percent

Number 
increasing

Number 
decreasing

Precipitation inches 2.21 -0.06 0.58 0.34 15 5 1 -0.18 1.45 0.88 40 5 1
Tmax degrees F 26.34 -1.20 8.17 4.26 16 5 1 8.43 14.00 11.07 42 6 0
Tmin degrees F 6.36 -1.35 11.35 5.97 94 5 1 13.46 19.53 15.91 250 6 0

Tmax minus Tmin degrees F 19.98 -3.18 0.14 -1.71 -9 1 5 -5.52 -4.09 -4.84 -24 0 6
Reference ET inches 1.08 -0.06 0.39 0.19 17 5 1 0.33 0.65 0.48 44 6 0

Actual ET inches 0.67 -0.04 0.16 0.10 15 5 1 0.24 0.34 0.29 43 6 0
Climatic deficit inches 0.43 -0.02 0.23 0.09 21 5 1 0.09 0.40 0.20 47 6 0
Surface runoff inches 0.33 -0.02 0.11 0.06 18 5 1 -0.08 0.35 0.12 38 5 1
Net infiltration inches 0.51 -0.01 0.34 0.14 27 5 1 -0.06 0.62 0.37 72 5 1

Snowfall inches 1.94 -0.34 0.38 0.07 4 5 1 -0.85 0.30 -0.18 -9 1 5
Snowmelt inches 1.36 -0.05 0.34 0.16 12 5 1 -0.43 0.40 -0.03 -3 3 3

Precipitation inches 6.43 -1.04 2.28 0.49 8 4 2 0.22 5.08 2.26 35 6 0
Tmax degrees F 54.20 -1.20 6.59 3.40 6 5 1 5.72 9.60 8.08 15 6 0
Tmin degrees F 31.91 0.31 5.77 3.64 11 6 0 7.65 11.17 9.30 29 6 0

Tmax minus Tmin degrees F 22.29 -1.51 0.82 -0.24 -1 2 4 -1.94 0.05 -1.22 -5 1 5
Reference ET inches 8.08 -0.41 1.28 0.62 8 5 1 0.93 1.77 1.35 17 6 0

Actual ET inches 3.73 -0.11 0.31 0.11 3 5 1 0.34 0.91 0.49 13 6 0
Climatic deficit inches 4.39 -0.50 1.27 0.52 12 5 1 0.46 1.37 0.87 20 6 0
Surface runoff inches 1.62 -0.47 1.07 0.19 12 3 3 -0.04 2.27 0.97 60 5 1
Net infiltration inches 1.83 -0.63 1.33 0.13 7 3 3 -0.33 1.27 0.49 27 5 1

Snowfall inches 1.47 -0.83 0.94 -0.14 -10 1 5 -0.99 -0.09 -0.60 -41 0 6
Snowmelt inches 2.07 -1.03 1.13 -0.29 -14 1 5 -1.37 -0.52 -0.95 -46 0 6

Precipitation inches 10.30 -3.06 1.68 -0.74 -7 2 4 -2.89 1.78 -0.90 -9 1 5
Tmax degrees F 79.37 0.62 7.62 4.91 6 6 0 8.95 14.03 11.30 14 6 0
Tmin degrees F 57.06 1.29 6.00 4.38 8 6 0 9.48 12.79 10.74 19 6 0

Tmax minus Tmin degrees F 22.31 -0.67 1.62 0.53 2 5 1 -0.53 1.62 0.56 3 4 2
Reference ET inches 14.75 0.01 2.07 1.21 8 6 0 1.82 3.43 2.60 18 6 0

Actual ET inches 8.75 -1.94 0.44 -0.57 -6 2 4 -1.72 0.43 -0.81 -9 1 5
Climatic deficit inches 6.28 -0.37 3.87 1.73 28 5 1 1.42 4.78 3.35 53 6 0
Surface runoff inches 2.24 -0.74 0.94 0.04 2 3 3 -0.49 1.43 0.45 20 5 1
Net infiltration inches 0.84 -0.35 0.39 -0.06 -8 2 4 -0.33 0.29 -0.07 -8 1 5

Snowfall inches NA NA NA NA NA NA NA NA NA NA NA NA NA
Snowmelt inches NA NA NA NA NA NA NA NA NA NA NA NA NA

Precipitation inches 6.10 -1.26 1.69 0.00 0 3 3 -1.29 2.44 0.45 7 4 2

Table 13.  Spatially-averaged projected changes in mean annual water budget components under the Shared Socioeconomic Pathway 585 scenario (SSP585) for a future mid-century period (2040-2059) and end-of-
century period (2080-99) for the entire model domain. Temperature and precipitation data are from Liess and others (2026); all other variables are from Westenbroek and others (2026).  

Summary statistics of spatially averaged changes by end-of-century (2080-99) 
in six climate projection models1

Time span Water budget 
component Units

1995-2014 
ensemble 
average

Summary statistics of spatially averaged changes by mid-century (2040-59) in 
six climate projection models1 

Winter 
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January, 
February)

Spring 
(March, 

April, May)

Summer 
(June, July, 

August)



Minimum 
change

Maximum 
change

Mean 
change

Mean 
change, in 

percent

Number 
increasing

Number 
decreasing

Minimum 
change

Maximum 
change

Mean 
Change

Mean 
change, in 

percent

Number 
increasing

Number 
decreasing

Summary statistics of spatially averaged changes by end-of-century (2080-99) 
in six climate projection models1

Time span Water budget 
component Units

1995-2014 
ensemble 
average

Summary statistics of spatially averaged changes by mid-century (2040-59) in 
six climate projection models1 

Tmax degrees F 55.48 0.95 6.06 4.29 8 6 0 10.09 16.99 12.51 23 6 0
Tmin degrees F 37.18 1.87 6.20 4.38 12 6 0 10.22 17.07 12.72 34 6 0

Tmax minus Tmin degrees F 18.30 -0.93 0.28 -0.10 -1 3 3 -0.83 0.19 -0.21 -1 2 4
Reference ET inches 5.27 0.01 0.70 0.44 8 6 0 1.02 1.95 1.30 25 6 0

Actual ET inches 2.63 -0.21 0.12 -0.06 -2 2 4 -0.45 0.44 -0.06 -2 2 4
Climatic deficit inches 2.68 -0.09 0.79 0.49 18 5 1 0.60 2.38 1.36 51 6 0
Surface runoff inches 1.06 -0.47 0.81 0.08 8 3 3 -0.50 1.33 0.46 44 5 1
Net infiltration inches 0.80 -0.37 0.50 -0.06 -7 2 4 -0.37 0.65 -0.01 -1 2 4

Snowfall inches 0.92 -0.50 -0.11 -0.33 -36 0 6 -0.95 -0.54 -0.75 -82 0 6
Snowmelt inches 0.52 -0.33 -0.05 -0.22 -43 0 6 -0.52 -0.30 -0.42 -81 0 6

Precipitation inches 25.14 -4.30 6.26 0.10 0 3 3 -2.50 8.14 2.73 11 5 1
Tmax degrees F 53.96 -0.11 6.74 4.21 8 5 1 9.73 12.94 10.73 20 6 0
Tmin degrees F 33.22 0.68 6.88 4.57 14 6 0 11.50 14.26 12.14 37 6 0

Tmax minus Tmin degrees F 20.74 -0.79 0.04 -0.37 -2 1 5 -1.95 -0.96 -1.41 -7 0 6
Reference ET inches 29.23 -0.46 4.21 2.46 8 5 1 4.29 7.49 5.76 20 6 0

Actual ET inches 15.82 -1.93 0.71 -0.42 -3 2 4 -1.22 1.71 -0.08 -1 2 4
Climatic deficit inches 13.80 -0.98 5.98 2.83 21 5 1 2.64 8.04 5.79 42 6 0
Surface runoff inches 5.27 -1.48 2.93 0.37 7 3 3 -0.31 4.05 2.02 38 5 1
Net infiltration inches 4.01 -1.31 2.58 0.16 4 3 3 -0.88 2.32 0.80 20 5 1

Snowfall inches 4.42 -1.53 1.13 -0.40 -9 1 5 -2.57 -0.71 -1.54 -35 0 6
Snowmelt inches 4.02 -1.37 1.02 -0.35 -9 1 5 -2.34 -0.70 -1.41 -35 0 6

1A 20-year mean grid was produced for each combination of climate projection model, water budget component, timespan, period, and scenario (2,970 mean grids). The (1995 - 2014) mean grid was substracted from a future period mean grid, 
resulting in six difference grids (one for each climate projection model) per combination of water budget component, timespan, and scenario (1,980 grids).  The spatial average of each difference grid was then computed.  The minimum, 
maximum, and mean change for each row in this table are from a pool of six spatially-averaged difference grids, one for each climate projection model.  The mean change, in percent, is the mean change value divided by the 1995-2014 
ensemble average value.  The number of models increasing column lists how many of the six climate projection models had a spatially averaged difference value greater than zero and the number of models decreasing column lists how many 
of the six climate projection models had a spatially averaged difference value less than zero.  
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